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Editors’ Foreword

This volume brings together revised versions of a selectionof papers presented at
the International Conference on “Recent Advances in Natural Language Process-
ing” (RANLP 2003) held in Samokov, Bulgaria, 10–12 September 2003. The aim
of the conference was to give researchers the opportunity topresent new results
in Natural Language Processing (NLP) based on modern theories and method-
ologies.

The conference was preceded by three days of tutorials. Invited lecturers
were:

Piek Vossen(Irion Technologies)
Wordnet, EuroWordNet and Global Wordnet

Hamish Cunningham(University of Sheffield)
Named Entity Recognition

Ido Dagan(Bar Ilan University)
Learning in NLP: When can we reduce or avoid annotation cost?

Dan Cristea(University of Iasi)
Discourse theories and technologies

John Prager(IBM)
Question Answering

Inderjeet Mani(Georgetown University)
Automatic Summarization

RANLP 2003 was quite popular — 161 participants from 30 countries. We re-
ceived 114 submissions and whilst we were delighted to have so many contri-
butions, restrictions on the number of papers which could bepresented in three
days forced us to be more selective than we would have liked. However, we
introduced the category of short papers allowing for discussion of ongoing re-
search. From the papers presented atRANLP 2003we have selected the best for
this book (the acceptance ratio for theRANLP 2003volume was about 27%), in
the hope that they reflect the most significant and promising trends (and success-
ful results) inNLP.

Keynote speakers who gave invited talks were: Shalom Lappin(King’s
College London), Yorick Wilks (University of Sheffield), Stephen G. Pulman
(Oxford University), Inderjeet Mani (Georgetown University) and Branimir K.
Boguraev (IBM T.J. Watson Research Center). The book is organised themat-
ically. In order to allow for easier access, we have grouped the contributions
according to the following topics: I. Invited talks; II. Lexical semantics and
lexical knowledge acquisition; III. Tagging, parsing and syntax; IV. Informa-
tion extraction; V. Text summarisation and document processing; and VI. Other
NLP topics. Clearly, some papers lie at the intersection of various areas. To help
the reader find his/her way we have added an index which contains majorNLP
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terms used throughout the volume. We have also included a list and emails of all
contributors.

We would like to thank all members of the Program Committee and the ad-
ditional reviewers who helped in the final stage of the reviewprocess. Without
them the conference, although well organised, would not have had an impact on
the development ofNLP. Together they have ensured that the best papers were
included in the final proceedings and have provided invaluable comments for the
authors, so that the papers are ‘state of the art’. The following is a list of those
who participated in the selection process and to whom a public acknowledge-
ment is due:

Le Ha An (University of Wolverhampton)
Rie Ando (IBM T. J. Watson Research Center)
Elisabeth Andre (University of Augsburg)
Galia Angelova (LMD, CLPP, Bulgarian Academy of Sciences, Sofia)
Victoria Arranz (Universitat Politècnica de Catalunya)
Amit Bagga (Avaya Labs Research)
Cătălina Barbu (University of Brighton)
Lamia Belguith (LARIS-FSEG, University of Sfax)
Branimir Boguraev (IBM T. J. Watson Research Center)
Kalina Bontcheva (University of Sheffield)
Svetla Boytcheva (Sofia University)
António Branco (University of Lisbon)
Sabine Buchholz (Toshiba Research Europe Ltd.)
Sylviane Cardey (University of Franche-Comté, Besançon)
Nicoletta Calzolari (University of Pisa)
Eugene Charniak (Brown University, Providence)
Grace Chung (Corporation for National Research Initiatives)
Borja Navarro Colorado (University of Alicante)
Dan Cristea (University of Iasi)
Hamish Cunningham (University of Sheffield)
Walter Daelemans (University of Antwerp)
Ido Dagan (Bar Ilan University & FocusEngine, Tel Aviv)
Robert Dale (Macquarie University)
Hercules Dalianis (Royal Institute of Technology, Stockholm)
Pernilla Danielsson (University of Birmingham)
Richard Evans (University of Wolverhampton)
Kerstin Fischer (University of Hamburg)
Alexander Gelbukh (National Polytechnic University, Mexico)
Ralph Grishman (New York University)
Walther von Hahn (University of Hamburg)
Jan Hajic (Charles University, Prague)
Sanda Harabagiu (University of Texas, Dallas)
Laura Hasler (University of Wolverhampton)
Graeme Hirst (University of Toronto)
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Eduard Hovy (ISI, University of Southern California)
Aravind Joshi (University of Pennsylvania)
Martin Kay (Stanford University)
Alma Kharrat (Microsoft)
Manfred Kudlek (University of Hamburg)
Shalom Lappin (King’s College, London)
Anke Luedeling (Humboldt University, Berlin)
Nuno Mamede (INESC, Lisbon)
Carlos Martin-Vide (University Rovira i Virgili, Tarragona)
Patricio Martı́nez-Barco (University of Alicante)
Diana Maynard (University of Sheffield)
Tony McEnery (University of Lancaster)
Beata Megyesi (Royal Institute of Technology, Stockholm)
Rada Mihalcea (University of North Texas)
Ruslan Mitkov (University of Wolverhampton)
Rafael Muñz-Guillena (University of Alicante)
Preslav Nakov (University of Calif., Berkeley)
Ani Nenkova (Columbia University)
John Nerbonne (University of Groningen)
Nicolas Nicolov (IBM T. J. Watson Research Center)
Maximiliano Saiz-Noeda (University of Alicante)
Kemal Oflazer (Sabanci University, Istanbul)
Constantin Orasan (University of Wolverhampton)
Chris Paice (Lancaster University)
Manuel Palomar (University of Alicante)
Viktor Pekar (University of Wolverhampton)
Gerarld Penn (University of Toronto)
Jesús Peral (University of Alicante)
Krasimira Petrova (Sofia University)
Fabio Pianesi (IRST, Trento)
Stelios Piperidis (ISLP, Athens)
Gabor Prószéky (MorphoLogic, Budapest)
Stephen Pulman (Oxford University)
James Pustejovsky (Brandeis University)
Jose Quesada (University of Seville)
Dragomir Radev (University of Michigan)
Allan Ramsay (UMIST, Manchester)
Lucia Rino (Sao Carlos Federal University)
Anne de Roeck (Open University)
Laurent Romary (INRIA, Lorraine)
Kiril Simov (Bulgarian Academy of Sciences, Sofia)
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Harold Somers (UMIST, Manchester)
Richard Sproat (AT&T Labs Research)
Mark Stevenson (University of Sheffield)
Keh-Yih Su (Behavior Design Corporation, Taiwan)
Jana Sukkarieh (Oxford University)
Valentin Tablan (University of Sheffield)
Hristo Tanev (IRST, Trento)
Doina Tatar (Babes-Bolyai University)
Kristina Toutanova (Stanford University)
Isabel Trancoso (INESC, Lisbon)
Jun’ichi Tsujii (University of Tokyo)
Hans Uszkoreit (University of Saarland)
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Karin Verspoor (Los Alamos)
José Luis Vicedo (University of Alicante)
Piek Vossen (Irion Technologies BV)
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Zhu Zhang (University of Michigan)
Michael Zock (LIMSI, CNRS)

Special thanks go to Galia Angelova (Bulgarian Academy of Sciences), Nikolai
Nikolov (Association for Computational Linguistics – Bulgaria), Albena Strup-
chanska, Milena Yankova and Ognian Kalaydjiev (Bulgarian Academy of Sci-
ences) for the efficient local organisation. RANLP 2003 was partially supported
by the European Commission with an IST FP5 Conference grant.

We believe that this book will be of interest to researchers,lecturers, graduate
students and senior undergraduate students interested in Natural Language Pro-
cessing and, more specifically, to those who work in computational linguistics,
corpus linguistics, human language technology, translation studies, cognitive sci-
ence, psycholinguistics, artificial intelligence, informatics.

We would like to acknowledge the unstinting help received from our series
editor, E.F.K. Koerner, and from Ms Anke de Looper, acquision editor at John
Benjamins in Amsterdam. Both of them have continued to be ever so profes-
sional.

Nicolas Nicolov produced the typesetting code for the book,utilising the TEX
system with the LATEX 2" package.

September 2004 Nicolas Nicolov
Kalina Bontcheva

Galia Angelova
Ruslan Mitkov



A Type-Theoretic Approach to Anaphora
and Ellipsis Resolution

CHRIS FOX� & SHALOM LAPPIN���University of Essex��King’s College, London

Abstract
We present an approach to anaphora and ellipsis resolution in which pro-
nouns and elided structures are interpreted by the dynamic identification in
discourse of type constraints on their semantic representations. The con-
tent of these conditions is recovered in context from an antecedent expres-
sion. The constraints define separation types (sub-types) in Property The-
ory with Curry Typing (PTCT), an expressive first-order logic with Curry
typing that we have proposed as a formal framework for natural language
semantics.1

1 Introduction

We present a type-theoretic account of pronominal anaphoraand ellipsis res-
olution within the framework of Property Theory with Curry Typing (PTCT),
a first-order logic with comparatively rich expressive power achieved through
the addition of Curry typing.PTCT is a fine-grained intensional logic that per-
mits distinct propositions (and other intensional entities) to be provably equiva-
lent. It supports functional, separation (sub), and comprehension types. It also
allows a weak form of polymorphism, which seems adequate to capture type-
general expressions in natural language. The proof and model theories ofPTCT
are classically Boolean with respect to negation, disjunction, and quantification.
Quantification over functional and type variables is restricted to remain within
the domain of a first-order system.

We take the resolution of pronominal anaphora to be a dynamicprocess of
identifying the value of a type parameter with an appropriate part of the repre-
sentation of an antecedent. The parameter corresponds to the specification of a
sub-type condition on a quantified individual variable inPTCT, where the con-
tent of this condition is recovered from part of the antecedent expression. We
propose a unified treatment for pronouns that accommodates bound variable, E-
type, and donkey anaphora.

We represent ellipsis as the identification of a value of a separation type pa-
rameter for expressions in the ellipsis site. The separation type provides a pred-1 The research of the second author has been supported by grantnumber AN/2687/APN from

the Arts and Humanities Research Board of the UK, and grant number RES–000–23–0065
from the Economic and Social Research Council of the UK.



2 CHRIS FOX & SHALOM LAPPIN

icate for the bare element(s) in the ellipsis structure. Thevalue of the parameter
is constructed by abstraction on an antecedent expression.When variables cor-
responding to pronouns are contained in the separation typeretrieved from the
antecedent, typing conditions on these variables are imported into the interpre-
tation of the elided term. Different specifications of theseconditions may be
possible, where each specification produces a distinct reading. Using alternative
resolutions of typing constraints on the pronoun variablesin the ellipsis site per-
mits us to explain the distinction between strict vs. sloppyreadings of pronouns
under ellipsis. It also allows us to handle antecedent contained ellipsis with-
out invoking syntactic mechanisms like quantifier phrase movement or semantic
operations like storage. Our treatment of ellipsis is similar to the higher-order
unification (HOU) analysis proposed by Dalrymple et al. (1991) and Shieber
et al. (1996). However, there are a number of important differences between the
two approaches which we will take up in Section 7.

In Section 2 we give a brief summary of the main features ofPTCT, partic-
ularly the type definitions. More detailed descriptions areprovided by Fox et al.
(2002a), Fox et al. (2002b), Fox & Lappin (2003), Fox & Lappin(2004). In
Section 3 we add an intensional number theory, and in Section4 we character-
ize generalized quantifiers (GQs) corresponding to quantified NPs withinPTCT.
Section 5 gives our treatment of pronominal anaphora, and wepresent our ac-
count of ellipsis in Section 6. In Section 7 we compare our account of pronominal
anaphora to Ranta’s (1994) analysis of donkey anaphora within Martin-Löf Type
Theory (MLTT ) and our treatment of ellipsis to the HOU approach. Finally,in
Section 8 we present some conclusions and consider directions for future work.

2 PTCT

The core language ofPTCT consists of the following sub-languages:
(1) Termst ::= x j 
 j l j T j �x(t) j (t)t

logical constantsl ::= ^̂ j _̂ j !̂ j $̂ j ?̂ j 8̂ j 9̂ j =̂T j �̂=T j �
(2) TypesT ::= B j Prop j T =) S
(3) Wff ' ::= � j (' ^  ) j (' _  ) j ('!  ) j ('$  ) j (8x') j (9x')

atomic wff� ::= (t =T s) j ? j t 2 T j t �=T s j truet
The language of terms is the untyped�-calculus, enriched with logical con-

stants. It is used torepresentthe interpretations of natural language expressions.
It has no internal logic. With an appropriate proof theory, the simple language of
types together with the language of terms can be combined to produce a Curry-
typed�-calculus. The first-order language of wffs is used to formulate type
judgements for terms, and truth conditions for those terms judged to be inProp.22 Negation is defined by� p =def p ! ?. Although we could formulate a constructive theory,

in the following we assume rules that yield a classical Boolean version of the theory.
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It is important to distinguish between the notion of a proposition itself (in the
language of wff), and that of a term thatrepresentsa proposition (in the language
of terms). true(t) will be a true wff whenever the proposition represented by the
termt is true, and a false wff whenever the proposition represented by t is false.
The representation of a propositiont (2 Prop) is distinct from its truth conditions
(true(t)).

We construct a tableau proof theory forPTCT.3 Its rules can be broken down
into the following kinds.� The basic connectives of the wff: These have the standard classical first-

order behaviour.� Identity of terms (=): These are the usual rules of the untyped�-calculus
with �, � and� reduction.� Typing of�-terms: These are essentially the rules of the Curry-typed cal-
culus, augmented with rules governing those terms that represent proposi-
tions (Prop).� Truth conditions for Propositions: Additional rules for the language of
wffs that govern the truth conditions of terms inProp (which represent
propositions).� Equivalence (�=T ): The theory has an internal notion of extensional equiv-
alence which is given the expected behaviour.

There are two equality notions inPTCT. t �=T s states that the termst; s
are extensionally equivalent in typeT . Extensional equivalence is represented in
the language of terms byt �̂=T s. t =T s states that two terms are intensionally
identical. The rules for intensional identity are essentially those of the����-
calculus. It is represented in the language of terms byt =̂T s. It is necessary
to type the intensional identity predicate in order to avoidparadoxes when we
introduce comprehension types.

The rules governing equivalence and identity are such that we are able to
derivet =T s! t �=T s for all types inhabited byt (s), but nott �=T s! t =Ts. As a result,PTCT can sustain fine-grained intensional distinctions among
provably equivalent propositions. Therefore, we avoid thereduction of logically
equivalent expressions to the same intension, a reduction which holds in classical
intensional semantics, without invoking impossible worlds. Moreover, we do so
within a first-order system that uses a flexible Curry typing system rather than a
higher-order logic with Church typing (as in Fox et al.’s (2002c) modification of
Church’s (1940) Simple Theory of Types).

One possible extension that we could consider is to add a universal type� to
the types, and rules corresponding to the following axiom.3 For an introduction to tableau proof procedures for first-order logic with identity see (Jeffrey

1982). Fitting (1996) presents an implemented tableau theorem prover for first-order logic
with identity, and he discusses its complexity properties.



4 CHRIS FOX & SHALOM LAPPIN

(4) UT: x 2 �$ x = x
Unfortunately this is inconsistent inPTCT if Prop is a type. Considerrr, wherer = �x:9̂y 2 (� =) Prop)[x =̂ y ^̂ �̂ xy℄. However, there are other consistent
extensions that can be adopted.

2.1 Separation types

We addfx 2 T : '0g to the types, and a tableau rule that implements the follow-
ing axiom.

(5) SP:z 2 fx 2 T : '0g $ (z 2 T ^ '0[z=x℄)
Note that there is an issue here concerning the nature of'. To ensure the the-
ory is first-order, this type needs to be term representable,so'0 must be term
representable. To this end, we can define a term representable fragment of the
language of wffs. First, we introduce syntactic sugar for typed quantification in
the wffs.

(6) (a) 8Tx' =def 8x(x 2 T ! ')
(b) 9Tx' =def 9x(x 2 T ^ ')

Wff’s with these typed quantifiers, and no free-floating typejudgements will then
have direct intensional analogues—that is, term representations—which will al-
ways be propositions. We can define representable wffs by'0:

(7) '0 ::= �0 j ('0 ^  0) j ('0 _  0) j ('0 !  0) j('0 $  0) j (8Tx'0) j (9Tx') j truet
atomic representable wffs�0 ::= (t =T s) j ? j t �=T s

The term representations of representable wffsd�0e are given as:

(8) (a) da ^ be = dae ^̂ dbe
(b) da _ be = dae _̂ dbe
(c) da! be = dae !̂ dbe
(d) da$ be = dae $̂ dbe
(e) da �=T be = dae �̂=T dbe
(f) da =T be = dae =̂T dbe
(g) d?e = ?̂
(h) dtruete = t
(i) d8Tx:ae = 8̂x�T dae
(j) d9Tx:ae = 9̂x�T dae

Now we can express separation types asfx 2 S:'0g, which can be taken to
be sugar forfx�S:d'0eg. The following theorem is an immediate consequence
of the recursive definition of representable wffs and their term representations.
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Theorem 1 (Representability)d'0e 2 Prop for all representable wffs'0, and furthermoretrued'0e $ '0.
2.2 Comprehension types

Usually comprehension can be derived from SP and UT. We are forgoing UT to
avoid paradoxes, so we have to define comprehension independently. The same
arguments apply as for SP concerning representability. We add the typefx : '0g
and a tableau rule corresponding to the following axiom.

(9) COMP:z 2 fx : 'g $ '[z=x℄
Given that COMP = SP + UT, where UT is the Universal Type� = fx : x =̂ xg,
we would derive a paradox if= was not typed. This is because inPTCT Prop
is a type. Sorr, wherer = �x:9̂y 2 (� =) Prop)[x =̂ y ^̂ �̂ xy℄ produces a
paradoxical propositional. Our use of a typed intensional identity predicate filters
out the paradox because it must be possible to prove that the two expressions for
which=T is asserted are of typeT independently of the identity assertion.s =T t
iff s; t 2 T ands = t.
2.3 Polymorphic types

We enrich the language of types to include type variablesX, and the wffs to
include quantification over types8X'; 9X'. We add�X:T to the language of
types, governed by the tableau rule corresponding to the following axiom:

(10) PM:f 2 �X:T $ 8X(f 2 T )
Polymorphic types permit us to accommodate the fact that natural language

expressions such as coordination and certain verbs can apply as functions to ar-
guments of different types. Note that PM is impredicative (the type quantification
ranges over the types that are being defined). To avoid this, we add a language
of Kinds (K) to PTCT.

(11) Kinds:K ::= T j �X:K
(12) PM0: f 2 �X:K $ 8X(f 2 K) whereX ranges only over types.

This constraint limits quantification over types to type variables that take non-
Kind types as values. Therefore, we rule out iterated type-polymorphism in
which functional polymorphic types apply to polymorphic arguments. In fact,
this weak version of polymporphism seems to be adequate to express the in-
stances of multiple type assignment that occur in natural languages (van Ben-
them 1991).
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2.4 Final syntax

Adopting the extensions discussed above, which do not allowthe derivation of a
paradox, leads to the following language.

(13) Termst ::= x j 
 j l j T j �x(t) j (t)t
(logical constants)l ::= ^̂ j _̂ j !̂ j $̂ j ?̂ j 8̂ j 9̂ j =̂T j �̂=T j �

(14) TypesT ::= B j Prop j T =) S j X j fx 2 T:'0g j fx:'0g
(15) KindsK ::= T j �X:T
(16) Wff ' ::= � j (' ^  ) j (' _  ) j ('!  ) j ('$  )j (8x') j (9x') j (8X') j (9X')

(atomic wff)� ::= (t =T s) j ? j t 2 K j t �=T j truet
where'0 is as defined in section 2.1.

2.5 A model theory forPTCT

In order to give a model forPTCT, we first need a model of the untyped�-
calculus. This will form the model forPTCT’s language of terms. Here we
present Meyer’s model (Meyer 1982).

Definition 1 (General Functional Models) A functional model is a structure of
the formD = hD; [D! D℄;�;	i where� D is a non-empty set,� [D ! D℄ is some class of functions fromD toD,� � : D ! [D! D℄,� 	 : [D! D℄! D,� 	(�(d)) = d for all d 2 D

We can interpret the calculus as follows (g is an assignment function from
variables to elements ofD):

(17) [[x℄℄g = g(x)[[�x:t℄℄g = 	(�d:[[t℄℄g[d=x℄)[[ts℄℄g = �([[t℄℄g)[[s℄℄g
This interpretation exploits the fact that� maps every element ofD into a cor-
responding function fromD to D, and	 maps functions fromD to D into
elements ofD. Note we require that functions of the form�d:[[t℄℄g[d=x℄ are in the
class[D ! D℄ to ensure that the interpretation is well defined. In the casewhere
we permit constant terms, then we can add the clause (i assigns elements fromD to constants):
(18) [[
℄℄g = i(
)

Theorem 2 If t = s in the extensional untyped�-calculus (with� and�), then[[t℄℄g = [[s℄℄g for each assignmentg.
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Proof: By induction on the derivations. 2
A modelM of PTCT is constructed on the basis of a simple extensional

model of the untyped�-calculus (Meyer 1982, Barendregt 1984, Turner 1997),
with additional structure added to capture the type rules and the relation between
the sublanguages ofPTCT. On the basis of the full proof and model theories, we
prove the soundness and completeness ofPTCT.4

3 An intensional number theory

We add an intensional number theory toPTCT, incorporating rules correspond-
ing to the axioms in (23).

(19) Terms:0 j su

 j pred j add j mult j ^most j j � jB
(20) Types:Num
(21) Wffs: zero(t) j t �=Num t0 j t <Num t0 j most(p)(q)
(22) Axioms forNum: The usual Peanoaxioms, adapted toPTCT
(23) Axioms for<Num:

(a) y 2 Num! 0 <Num su

(y)
(b) x 2 Num! x 6<Num 0
(c) x 2 Num ^ y 2 Num! (su

(x) <Num su

(y)$ x <Num y)

The model theory can be extended in a straightforward way to support these new
rules of the proof theory.

When we incorporate the intensional number theory intoPTCT we lose com-
pleteness of the proof theory. However, it is important to recognize that incom-
pleteness sets in only when tableau rules that encode number-theoretic inferences
are applied. The basic logic and type system ofPTCT without these rules and
their corresponding definitions in the model theory remainscomplete.

4 Representing proportional generalized quantifiers inPTCT

By defining the cardinality of properties, we can express thetruth conditions of
proportional quantifiers inPTCT. The cardinality of propertiesjpjB is formu-
lated as follows.
(24) p 2 (B =) Prop) ^ �9x(x 2 B ^ truepx)! jpjB �=Num 0
(25) p 2 (B =) Prop) ^ b 2 B ^ truepb!jpjB �=Num add(j�x(px ^̂ �̂ x =̂B b)jB)(su

(0))

The cardinality of types can be defined in a similar way. We representmost(p)(q)
as follows:4 The full proof and model theories forPTCT, and the proofs for soundness and completeness

are presented by Fox & Lappin (2004).
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(26) p 2 (B =) Prop) ^ q 2 (B =) Prop)!most(p)(q)$jfx 2 B:truepx ^ � trueqxgjB <Num jfx 2 B:truepx ^ trueqxgjB
Given thatPTCT is a first-order theory in which all quantification is limitedto
first-order variables, this characterization ofmost effectively encodes a higher-
order GQ within a first-order system.

5 A type-theoretical approach to anaphora

We combine our treatment of generalized quantifiers with ourcharacterisation
of separation types to provide a unified type-theoretic account of anaphora. We
assume that all quantified NPs are represented as cardinality relations on the
model of our treatment ofmost. Pronouns are represented as appropriately typed
free variables. If the free variable is within the scope of a set forming operator
that specifies a sub-type and it meets the same typing constraints as the variable
bound by the operator, the variable can be interpreted as bound by the opera-
tor through substitution under� identity. This interpretation yields the bound
reading of the pronoun.

(27) Every man loves his mother.
(28) jfx 2 B:trueman0(x) ^ truelove0(x;mother-of 0(y))gjB�=Num jfx 2 B:trueman0(x)gjB!jfx 2 B:trueman0(x) ^ truelove0(x;mother-of 0(x))gjB�=Num jfx 2 B:trueman0(x)gjB

Representations of this kind are generated by compositional semantic operations
as described by (for example) Lappin (1989), and Lappin & Francez (1994).

When the pronoun is interpreted as dependent upon an NP whichdoes not
bind it, we represent the pronoun variable as constrained bya separation type
parameter whose value is supplied by context. Generally, the value of this type
parameter is determined in two parts. The initial type membership condition is
imported directly from the antecedent corresponding to theGQ. The wff part of
the separation type corresponds to the relation between therestriction and the
predication in the antecedent clause. In the default case, the pronoun variable is
bound by a universal quantifier in the language of wffs.

(29) Every student arrived.
(30) jfx 2 B:truestudent0(x) ^ truearrived0(x)gjB�=Num jfx 2 B:truestudent0(x)gjB
(31) They sang.
(32) 8y 2 A:(truesang0(y))

whereA = fx 2 B:truestudent0(x) ^ truearrived0(x)g
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In the case of proper names and existentially quantified NP antecedents we
obtain the following.

(33) John arrived.
(34) truearrived0(john)
(35) He sang.
(36) 8y 2 A:(truesang0(y))

whereA = fx 2 B:truex =̂B john ^ truearrived0(x)g
(37) Some man arrived.
(38) jfx 2 B:trueman0(x) ^ truearrived0(x) ^ true�(x)gjB >Num 0
(39) He sang.
(40) 8y 2 A:(truesang0(y))

whereA = fx 2 B:trueman0(x) ^ truearrived0(x) ^ true�(x)g� is a predicate that is specified in context and uniquely identifies a man who
arrived in that context.

We handle donkey anaphora inPTCT through a type constraint on the vari-
able corresponding to the pronoun.

(41) Every man who owns a donkey beats it.
(42) jfx 2 B:trueman0(x) ^(jfy 2 B:trueown0(x; y) ^ truedonkey0(y)gjB >Num 0)^ 8z 2 A(truebeat0(x; z))gjB�=Numjfx 2 B:trueman0(x) ^ (jfy 2 B:trueown0(x; y) ^ truedonkey0(y)gjB>Num 0)gjB

whereA = fy 2 B:trueown0(x; y) ^ truedonkey0(y)g
The representation asserts that every man who owns at least one donkey beats all
of the donkeys that he owns.

Our type-theoretic account of donkey anaphora is similar inspirit to the E-
type analysis proposed by Lappin & Francez (1994). There is,however, an im-
portant difference. Lappin & Francez (1994) interpret an E-type pronoun as a
choice function from the elements of an intersective set specified by the clause
containing the antecedent NP to a range of values determinedby this NP. Both
the domain and range of the function are described informally in terms of the se-
mantic representation of the antecedent clause. On the type-theoretic approach
proposed here the interpretation of the E-type pronoun is specified explicitly
through type constraints on variables in the semantic representation language.
Therefore our account provides a more precise and properly formalized treat-
ment of pronominal anaphora.

We can generate existential readings of donkey sentences (Pelletier & Schu-
bert 1989) by treating the principle that the free variable representing a pronoun
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is bound by a universal quantifier as defeasible. We can then substitute an exis-
tential for the universal quantifier.

(43) Every person who had a quarter put it in a parking meter.
(44) jfx 2 B:trueperson0(x) ^(jfy 2 B:truehad0(x; y) ^ truequarter0(y)gjB >Num 0)^ 9z 2 A(trueput-in-meter0(x; z))gjB�=Numjfx 2 B:trueperson0(x) ^(jfy 2 B:truehad0(x; y) ^ truequarter0(y)gjB>Num 0)gjB

whereA = fy 2 B:truehad0(x; y) ^ truequarter0(y)g
This representation asserts that every person who had a quarter put at least one
quarter that he/she had in a parking meter.

The default presence of a universal quantifier in thePTCT representation
of a donkey pronoun is an instance of a pragmatic maximality condition of the
kind that Lappin & Francez (1994) invoke to explain the preferred readings of
sentences like (41). As they observe, lexical semantic and pragmatic factors can
override a maximality constraint in cases like (43). We represent the suspension
of the maximality requirement by substituting an existential for the universal
quantifier binding the variable corresponding to the pronoun in these sentences.

6 Ellipsis

Let S be a parameter that is instantiated by separation types. We can represent a
clause containing an elided VP like (45) as (46).

(45) John sings, and Mary does too.
(46) truesings 0(john) ^ mary 2 S

Assuming thatmary andjohn are both of typeB, we can abstract onjohn to
obtain the separation typefx 2 B:truesings0(x)g from the antecedent in order to
resolveS. This yields the desired interpretation of the elided clause in (47).5

(47) truesings 0(john) ^ truesings 0(mary)
We have not introduced product types intoPTCT, but we are assuming that
all predicate types are curried functions. For simplicity of notation we repre-
sent transitive and ditransitive verbs as multi-argument functional expressions,
but we continue to assume that they are interpreted as a sequence of curried5 The presentation adopted here requires a slight change toPTCT as it is formulated elsewhere

(Fox et al. 2002a, Fox et al. 2002b, Fox & Lappin 2003) in orderto allow free-floating type
judgements within the language of terms. This extension is not problematic provided appro-
priate restrictions are observed (Fox & Lappin, to appear).
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functions. Similarly we assume that separation types corresponding to curried
function predicate can be built up through curried functionapplication.

Our treatment of VP ellipsis extends directly to gapping (48).6

(48) Mary reviewed Principia and Max Ulysses.
(49) truereviewed 0(mary ; prin
ipia) ^ (max ; ulysses) 2 S
(50) S = f(x; y) 2 B 
 B:truereviewed 0(x; y)g
(51) truereviewed 0(john; prin
ipia) ^ truereviewed 0(max ; ulysses)

It also applies to pseudogapping (52).7

(52) Max introduced Rosa to Sam before
Bill did Mary to John.

(53) trueintrodu
ed 0(max ; rosa; sam)
before(bill 0;mary ; john) 2 S

(54) S = f(x; y; z) 2 B 
B 
B:trueintrodu
ed 0(x; y; z)g
(55) trueintrodu
ed 0(max ; rosa; sam)

beforetrueintrodu
ed 0(bill ;mary; john)
If we combine our treatment of ellipsis with our account of pronominal

anaphora, the representation of the distinction between strict and sloppy read-
ings of pronouns under ellipsis is straightforward.

(56) John loves his mother, and Bill does too.
(57) 8x 2 A(trueloves 0(john;mother -of 0(x)) ^ bill 2 S

Let S be defined as follows.S = fy 2 B:8x 2 A(trueloves0(y;mother -of 0(x))g
If the type parameterA on the variablex is specified asfw 2 B:truew =̂B johng
in the antecedent clause prior to the resolution ofS, then a strict reading of the
pronoun results. IfA is determined after the value ofS is identified, then it can
be taken asfw 2 B:truew =̂B billg, which provides the sloppy reading.

Finally, consider the antecedent contained ellipsis (ACE)structure:
(58) Mary read every book that John did.

Restrictive relative clauses modify head nouns of NPs. Therefore, it is reasonable
to impose the condition that the conjunct corresponding to arestrictive relative
clause in the propositional part of the sub-type expressionof a GQ contain an6 Here we use product types. Product types can be added toPTCT (Fox & Lappin, to appear),

or the examples can be represented using an equivalent curried form.7 Here we assume there is some suitable treatment of the temporal ordering of the circumstances
described by the propositionsp andq in the expressionp before q without further elaboration.
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occurrence of the variable bound by the set operator of the sub-type. This is, in
effect, a non-vacuousness constraint on relative clause modification. It requires
that a relative clause be interpreted as a modifier that contributes a restriction to
the head noun. Given this constraint the representation of (58) is:
(59) jfx 2 B:truebook0(x) ^ (john; x) 2 S) ^ trueread0(mary; x)gjB�=Num jfx 2 B:truebook0(x) ^ (john; x) 2 SgjB

Taking the conjunct of (59) that corresponds to the matrix clause as the an-
tecedent and abstracting over both its arguments we obtain the separation type
specified in (60). This yields (61) as the interpretation of (58).8

(60) S = f(y; w):trueread0(y; w)g
(61) jfx 2 B:truebook0(x) ^ trueread0(john; x) ^ trueread0(mary; x)gjB�=Num jfx 2 B:truebook0(x) ^ trueread0(john; x)gjB

Statement (61) asserts that every book that John read Mary read, which is the
intended reading of (58).

We have generated this interpretation without using a syntactic operation of
quantifier raising, as in the analysis of Fiengo & May (1994) or a semantic pro-
cedure of storage, as in the HOU treatment of Dalrymple et al.(1991). We also
do not require a syntactic trace (Lappin 1996) or aSLASH feature (Lappin 1999)
in the ellipsis site. The presence of the variable bound by the set operator of
the sub-type as the second argument of the function which assigns a value to the
elidedPTCT expression is motivated by a general condition on the representa-
tion of restrictive relative clauses as non-vacuous conjuncts in a GQ.

7 Comparison with other type-theoretical approaches

Ranta develops an analysis of anaphora within Martin-Löf Type Theory (MLTT)
(Ranta 1994). He represents donkey sentences as universal quantification over
product types.9

(62) �z : ((�x : man)(�y : donkey)(x owns y))(p(z) beats p(q(z))
In this example,z is a variable over product pairs, andp andq are left and right
projections, respectively, on the product pair, where

(63) (a) p(z) : man
(b) q(z) : (�y : donkey)(p(z) owns y)
(c) p(q(z)) : donkey8 For simplicity we suppress typing on the variablesy andw here.9 Note that here expressions of the form�x : (T )(S) denote a dependent product type. This

is not to be confused withPTCT’s polymorphic types, whose form (�X:T ) is superficially
similar.
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(d) q(q(z)) : (p(z) owns p(q(z))):
Ranta’s account does not generate the existential reading of donkey sentences
(Pelletier & Schubert 1989).

As Ranta acknowledges, his universal quantification-over-pairs analysis fol-
lows Discourse Representation Theory (DRT) (Kamp & Reyle 1993) in inher-
iting the proportionality problem in a sentence like the following (Heim 1990,
Kadmon 1990).

(64) Most men who own a donkey beat it.

On the universal quantification-over-pairs account of donkey anaphora, contrary
to the desired interpretation, the sentence is true in a model in which ten men
own donkeys, nine men own a single donkey each and do not beat it, while the
tenth man owns ten donkeys and beats them all. On the preferred reading the
sentence is false in this model.

Ranta cites Sundholm’s (1989) solution to the proportionality problem. This
suggestion involves positing a second quantifiermoston product pairs(�x :A)(B(x)) that is interpreted as applying anA injection to the pairs, where this
injection identifies only the first element of each pair as within the domain of
quantification. Defining an additional mode of quantification as a distinct reading
of mostin order to generate the correct interpretation of (64) would seem to be
an ad hoc approach to the difficulty. There is no evidence for taking mostas
ambiguous between two quantificational readings beyond theneed to avoid the
inability of the quantification-over-pairs analysis to yield the correct results for
this case. Assuming two modes of quantification adds considerable complication
to the type-theoretic approach to anaphora without independent motivation.

The proportion problem does not arise on our account.Most is represented
as a cardinality relation (GQ) in which quantification is over the elements of the
set corresponding to the subject restriction rather than over pairs. Therefore the
sentence is evaluated as false in the model that creates difficulties for DRT and
for Ranta, without the need to adopt additional devices.

On the HOU approach to ellipsis proposed by Dalrymple et al. (1991) and
Shieber et al. (1996), the elided predicate is represented as a higher-order vari-
able, which is unified with a lambda term obtained from the antecedent clause
through abstraction over the arguments that correspond to the bare arguments of
the ellipsis site. This term is then applied to the bare arguments to produce an
interpretation of the elided structure.

OurPTCT-based analysis of ellipsis is similar in approach to the HOUview.
In both cases correspondences are set up between a sequence of phrases in an
ellipsis site and an antecedent clause, and a predicate termis abstracted from the
antecedent for application to elements in the elided clause. However, while HOU
solves an equation with a higher-order variable to obtain a lambda expression,
our account uses a parameter that is resolved to a separationtype expression.
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In our model theory, type variables take terms as values. Therefore, even if a
separation type parameter is construed as a variable ofPTCT, we remain within
the first-order resources ofPTCT.

In addition, HOU requires storage to extract a quantified NP from its an-
tecedent-contained position in the semantic representation of an ACE structure.
By contrast, we are able to interpret these NPsin situby virtue of the presence of
a bound variable in the part of a sub-type in a GQ representation that corresponds
to the relative clause of the ACE.

8 Conclusions and future work

We have developed type-theoretic treatments of pronominalanaphora and ellip-
sis within the framework ofPTCT, a first-order fine-grained intensional logic
with flexible Curry typing. Our account of anaphora has widerempirical cov-
erage than Ranta’s (1994) MLTT analysis. Our account of ellipsis avoids the
higher-order variables of HOU, and we do not require an operation of storage to
handle ACE structures.

The application ofPTCT to anaphora and ellipsis illustrates its considerable
expressive resources. The primary advantage ofPTCT is the fact that it provides
the expressiveness of a higher-order system with rich typing while remaining a
first-order logic with limited formal power.

We have provided a model theory forPTCT using extensional models for the
untyped�-calculus enriched with interpretations of Curry types. The restrictions
that we impose on comprehension types, quantification over types, and the rela-
tion between the three sublanguages ofPTCT ensure that it remains a first-order
system in which its enriched expressive power comes largelythrough quantifica-
tion over terms and the representation of types as terms within the language.

In future work we will be investigating the possibility of incorporating prod-
uct types intoPTCT without taking it out of the class of first-order systems and
also determine the most appropriate way of incorporating the representation of
free-floating type judgements in the language of terms. Product types will permit
us to simplify our representations ofk-ary predicates and the sub-types defined
in terms of them. They will also permit us to capture dependent types, which
we require to deal with certain kinds of anaphora, such as donkey pronouns in
conditional sentences.

We will consider a property-theoretic variant of the treatment of anaphora
and ellipsis which exploits properties and application rather than the types and
type-membership used in the type-theoretic treatment presented in this paper.
We will then examine extensions that establish correspondences between types
and properties. One aim of this would be to show an equivalence between the
type-theoretic and property-theoretic approaches to anaphora and ellipsis.
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We will explorePTCT as a semantic representation language in implemented
systems of natural language interpretation. As part of thisresearch we will be
constructing a theorem prover that usesPTCT’s tableau proof theory. We will
also investigate the implementation of our proposed approaches to anaphora and
ellipsis resolution.
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Abstract
We describe two major dialogue system segments: first we discuss a Dia-
logue Manager which uses a representation of stereotypicaldialogue pat-
terns that we call Dialogue Action Frames and which, we believe, generate
strong and novel constraints on later access to incomplete dialogue topics.
Secondly, we describe an analysis module that learns to assign dialogue
acts from corpora, but on the basis of limited quantities of data, and up to
what seems to be some kind of limit on this task, a fact we also discuss.

1 Introduction

Computational modelling of human dialogue is an area ofNLP where there are
still a number of open research issues about how such modelling should best
be done. Most research systems so far have been largely hand-coded, inflexible
representations of dialogue states, implemented as some form of finite state or
other rule-based machine. These approaches have addressedrobustness issues
within spoken language dialogue systems by limiting the range of the options and
vocabulary available to the user at any given stage in the dialogue. They have,
by common agreement, failed to capture much of the flexibility and functionality
inherent in human-human communication, and the resulting systems have far
less than optimal conversational capability and are neither pleasant nor natural
to use. However, many of these low-functionality systems have been deployed
in the market, in domains such as train reservations.

On the other hand, more flexible, conversationally plausible models of dia-
logue, such as those based on planning (Allen et al. 1995) areknowledge rich,
and require very large amounts of manual annotation to create. They model indi-
vidual communication actions, which are dynamically linked together into plans
to achieve communicative goals. This method has greater scope for reacting to
user input and correcting problems as they occur, but has never placed emphasis
on either implementation or evaluation.

The model we wish to present occupies a position between these two ap-
proaches: full planning systems and turned-based dialoguemove engines. We
contend that larger structures are necessary to represent the content and context
provided by mini-domains or meta-dialogue processes as opposed to modelling
only turn taking. The traditional problems with our position are: how to obtain
the data that such structures (which we shall call Dialogue Action Frames or
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DAFs) contain, and how to switch rapidly between them in practice, so as not to
be stuck in a dialogue frame inappropriate to what a user has just said. We shall
explain their functioning within an overall control structure that stacksDAFs, and
show that we can leave aDAF in any dialogue state and return to it later if ap-
propriate, so that there is no loss of flexibility, and we can retain the benefits of
larger scale dialogue structure. For now,DAFs are hand-coded but ultimately we
are seeking to learn them from annotated dialogue corpora. In so doing, we hope
to acquire those elements of human-human communication which may make a
system more conversationally plausible.

A second major area that remains unsettled in dialogue modelling is the
degree to which its modules can be based directly on abstractions from data
(abstractions usually obtained by some form of Machine Learning) as signif-
icant parts ofNLP have been over the last fifteen years. We shall describe a
system for learning the assignment of dialogue acts (DAs) and semantic con-
tent directly from corpora, while noting the following difficulty: in the five
years since Samuels et al. (1998) first demonstrated such a technique based on
Transformation-Based Learning the figures obtained have remained obstinately
in the area of 65%+ and not risen towards the Nineties as has been the case in
other, perhaps less complex, areas of linguistic information processing, such as
part-of-speech tagging.

In the model that follows, we hypothesise that the information content ofDAs
may be such that some natural limit has appeared to their resolution by the kinds
of ngram-based corpus analysis used so far, and that the current impasse, if it
is one, can only be solved by realising that higher level dialogue structures in
the DM will be needed to refine the inputDAs, that is, by using the inferential
information inDAFs, along with access to the domain model. This hypothesis,
if true, explains the lack of progress with a purely data-driven research in this
area and offers a concrete hybrid model. This process could be seen as one of
the correction or reassignment ofDA tags to input utterances in aDM, where a
higher level structure will be able to chose from some (possibly ordered) list of
alternativeDA assignments as selected by our initial process.

2 Modality independent dialogue management

The development of our Dialogue Management strategies has occured largely
within the COMIC (Conversational Multimodal Interaction with Computers)1

project whose object is to build a cooperative multi-modal dialogue system which
aids the user in the complex task of designing a bathroom, anda system to be
deployed in a showroom scenario. A central part of this system is the Dialogue
and Action Manager (DAM ).1 Seehttp://www.hcrc.ed.ac.uk/comic/
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There is as yet no consensus as to whether aDAM should be expressed simply
as a finite-state automaton, a well understood and easy to implement representa-
tion, or utilise more complex, knowledge-based approachessuch as the planning
mechanism employed by systems such asTRAINS.

The argument between these two views, at bottom, is about howmuch
stereotopy one expects in a dialogue and which is to say, is ithow much is
it worth collecting all rules relevant to a subtopic together, within some larger
structure or partition? Stereotopy in dialogue is closely connected to the no-
tion of system-initiative or top-down control, which is strongest in “form-filling”
systems and weakest in chatbots. If there is little stereotopy in dialogue turn or-
dering, then any larger frame-like structure risks being over-repetitious, since all
possibilities must be present at many nodes. If a system mustalways be ready
to change topic in any state, it can be argued, then what is thepurpose of being
in a higher level structure that one may have to leave? The answer to that it is
possible to be always ready to change topic but to continue onif change is not
forced: As with all frame-like structures since the beginning of AI , they express
no more than defaults or preferences.

The WITAS system (Lemon et al. 2001) was initially based on networks of
ATN (Augmented Transition Network) structures, stacked on oneof two stacks.
In the DAM described below we also opt for anATN-like system which has as
its application mechanism a single stack (with one slight modification) ofDAF’s
(Dialogue Action Frames) and suggest that theWITAS argument for abandoning
an ATN-type approach (namely, that structure was lost when a net ispopped) is
easily overcome. We envisageDAFs of radically different sizes and types: com-
plex ones for large scale information eliciting tasks, and small ones for dialogue
control functions such as seeking to reinstate a topic.

Our argument will be that the simplicity and perspicuity of this (well under-
stood and easily written and programmed) virtual machine (at least in its standard
form) has benefits that outweigh its disadvantages, and in particular the ability
to leave and return to a topic in a natural and straightforward way.

2.1 DAFs: A proposed model for DAM

We propose a single pop-push stack architecture that loads structures of radically
differing complexities but whose overall forms areDAFs. The algorithm to op-
erate such a stack is reasonably well understood, though we will suggest below
one amendment to the classical algorithm, so as to deal with adialogue revision
problem that cannot be dealt with by structure nesting.

The general argument for such a structure is its combinationof power, sim-
plicity and perspicuity. Its key language-relevant feature (known back to the time
of Woods (1997) in syntactic parsing) is the fact that structures can be pushed
down to any level and re-entered via suspended execution, which allows nesting
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of topics as well as features like barge-in and revision witha smooth and clear
return to unfinished materials and topics. Although, in recursive syntax, incom-
plete parsing structures must be returned to and completed,in dialogue one could
argue that not all incomplete structures should be re-entered for completion since
it is unnatural to return to every suspended topic no matter how long suspended,
unless, that is, the suspended structure contains information that mustbe elicited
from the user. There will beDAFs corresponding to each of the system-driven
sub-tasks which are for eliciting information and whose commands write di-
rectly to the output database. There will also beDAFs for standard Greetings and
Farewells, and for complex dialogue control tasks like revisions and responses
to conversational breakdowns. A higher granularity ofDAFs will express sim-
ple dialogue act pairs (such asQA) which can be pushed at any time (from user
initiative) and will be exhausted (and popped) after anSQL query to theCOMIC

database.
The stack is preloaded with a (default) ordered set of systeminitiative DAFs,

with Greeting at the top, Farewell at the bottom and such thatthe dialogue ends
with maximum success when these and all the intermediate information eliciting
DAFs for this task have been popped. This would be the simplest case of a max-
imally cooperative user with no initiative whatever; he maybe rare but must be
catered for if he exists.

An obvious problem arises here, noted in earlier discussion, which may re-
quire that we adapt this overallDAM control structure:

If the user proposes an information eliciting task before the system does (e.g.,
in a bathroom world, we suppose the client wants to discuss tile-colour-choice
before thatDAF is reached in the stack) then that structure must immediately
be pushed onto the stack and executed till popped, but obviously its copy lower
in the stack must not be executed again when it reaches the toplater on. The
integrity of the stack algorithm needs to be violated only tothe extent that any
task-driven structure at the top of the stack is only executed from its initial state
if the relevant part of the database is incomplete.

However, a closely related, issue (and one that caused theWITAS researchers
to change theirDAM structure) is the situation where a user-initiative forcesthe
revision/reopening of a major topic already popped from thestack; e.g., in a
bathroom world, the user has chosen pink tiles but later, andat her own initia-
tive, decides she would prefer blue and initiates the topic again. This causes
our proposal no problems: the tile-colour-choiceDAF structure is pushed again
(empty and uninstantiated) but with an entry subnetwork that can check the data-
base, see it is complete, and begin the subdialogue in a way that responses show
the system knows a revision is being requested. It seems clear to us that a simple
stack architecture is proof against arguments based on the need to revisit popped
structures, provided the system can distinguish this case (as user initiative) from
the last (a complete structure revisited by system initiative).
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A similar device will be needed when a partly executedDAF on the stack is re-
entered after an interval; a situation formally analogous to a very long syntactic
dependency or long range co-reference. In such cases, a usershould be asked
whether he wishes to continue the suspended network (to completion). It will
be an experimental question later, when data has been generated, whether there
are constraints on access to incompleteDAFs that will allow them to be dumped
from the top of the stock unexecuted, provided they contain no unfilled requests
for bathroom choices.

We expect later to build into theDAM an explicit representation of plan tasks,
and this will give no problem to aDAF since recursive networks can be, and
often have been, a standard representation of plans, which makes it odd that
some redesigners ofDAM ’s have argued against usingATNs asDAM models,
wrongly identifying them with low-level dialogue grammars, rather than, as they
are, structures (ATNs) more general than those for standard plans (RTNs).

3 Learning to annotate utterances

In the second part of this paper, we will focus on some experiments on modelling
aspects of dialogue directly from data. In the joint EU-, US-funded project
AMITIES2 we are building automated service counters for telephone-based inter-
action, by using large amounts of recorded human-human data.

Initially, we report on some experiments on learning the analysis part of the
dialogue engine; that is, that part which converts utterances to dialogue act and
semantic units.

Two key annotated corpora, which have formed the basis for work on dia-
logue act modelling are of particular relevance here: first,theVERBMOBIL cor-
pus , which was created within the project developing theVERBMOBIL speech-
to-speech translation system, and secondly, theSWITCHBOARD corpus (Juraf-
sky et al. 1998). Of the two,SWITCHBOARD has generally been considered
to present a more difficult problem for accurate dialogue actmodelling, partly
because it has been annotated using a total of 42 distinct dialogue acts, in con-
trast to the 18 used in theVERBMOBIL corpus, and a larger set makes consistent
judgements harder. In addition,SWITCHBOARD consists of unstructured non-
directed conversations, which contrast with the highly goal-directed dialogues of
theVERBMOBIL corpus.

One approach that has been tried for dialogue act tagging is the use of n-
gram language modelling, exploiting ideas drawn directly from speech recogni-
tion. For example, Reithinger & Klesen (1997) have applied such an approach
to theVERBMOBIL corpus, which provides only a rather limited amount of train-
ing data, and report a tagging accuracy of 74.7%. Stolcke et al. (2000) apply2 Seehttp://www.dcs.shef.ac.uk/nlp/amities/
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a somewhat more complicated n-gram method to theSWITCHBOARD corpus
(which employs both n-gram language models of individual utterances, and n-
gram models over dialogue act sequences) and achieve a tagging accuracy of
71% on word transcripts, drawing on the full 205k utterancesof the data. Of
this, 198k utterances were used for training, with a 4k utterance test set. These
performance differences can be seen to reflect the differential difficulty of tag-
ging for the two corpora.

A second approach by Samuels et al. (1998), uses transformation-based learn-
ing over a number of utterance features, including utterance length, speaker turn
and the dialogue act tags of adjacent utterances. They achieved an average score
of 75.12% tagging accuracy over theVERBMOBIL corpus. A significant aspect
of this work, that is of particular relevance here, has addressed the automatic
identification of word sequences that would form dialogue act cues. A num-
ber of statistical criteria are applied to identify potentially useful n-grams which
are then supplied to the transformation-based learning method to be treated as
‘features’.

3.1 Creating a naive classifier

As noted, Samuels et al. (1998) investigated methods for identifying word n-
grams that might serve as useful dialogue act cues for use as features in transfor-
mation-based learning. We decided to investigate how well n-grams could per-
form when used directly for dialogue act classification, i.e., with an utterance
being classified solely from the individual cue phrases it contains. Two questions
immediately arise. Firstly, which n-grams should be accepted as cue phrases for
which dialogue acts, and secondly, which dialogue act tag should be assigned
when an utterance contains several cues phrases that are indicative of different
dialogue act classes. In the current work, we have answered both of these ques-
tions principally in terms ofpredictivity, i.e., the extent to which the presence of
a certain n-gram in an utterance is predictive of it having a certain dialogue act
category, which for an n-gramn and dialogue act categoryd corresponds to the
conditional probability:P (d jn).

A set of n-gram cue phrases was derived from the training databy collecting
all n-grams of length 1–4, and counting their occurrences inthe utterances of
each dialogue act category and in total. These counts allow us to compute the
above conditional probability for each n-gram and dialogueact. This set of n-
grams is then reduced by applying thresholds of predictivity and occurrence, i.e.,
eliminating any n-gram whose maximal predictivity for any dialogue act falls
below some minimum requirement, or whose maximal number of occurrences
with any category falls below a threshold value. The n-gramsthat remain are
used as cue phrases. The threshold values that were used in our experiments
were arrived at empirically.
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To classify an utterance, we identify all the cue phrases it contains, and deter-
mine which has the highest predictivity of some dialogue actcategory, and then
that category is assigned. If multiple cue phrases share thesame maximal pre-
dictivity, but predict different categories, one categoryis assigned arbitrarily. If
no cue phrases are present, then a default tag is assigned, corresponding to the
most frequent tag within the training corpus.

3.2 Corpus, data sets and experiments

For our experiments, we used theSWITCHBOARD corpus, which consists of
1,155 annotated conversations, comprising around 205k utterances. The dia-
logue act types for this set can be seen in Jurafsky et al. (1997). From this
source, we derived two alternative datasets. Firstly, we extracted 50k utterances,
and divided this into 10 subsets as a basis for 10-fold cross-validation (i.e., giv-
ing 45k/5k utterance set sizes for training/testing). Thisvolume was selected as
being large enough to give an idea of how well methods could perform where a
good volume of data was available, but not too large to prohibit experiments with
10-fold cross-validation from excessive training times. The second data set was
selected for loose comparability with the work of Samuel, Carberry and Vijay-
Shanker on theVERBMOBIL corpus, who used training and test sets of around 3k
and 300 utterances. Accordingly, we extracted 3300 utterances fromSWITCH-
BOARD, and divided this for 10-fold cross-validation. We evaluated the naive
tagging approach using these two data sets, in both cases using a predictivity
threshold of 0.25 and an occurrence threshold of 8 to determine the set of cue
phrases. Applied to the smaller data set, the approach yields a tagging accuracy
of 51.8%, which compares against a baseline accuracy of 36.5% from applying
the most frequently occurring tag in theSWITCHBOARD data set (which issd—
statement). Applied to the larger data set, the approach yields a tagging accuracy
of 54.5%, which compares to 33.4% from using the most frequent tag.

Further experiments suggest that we can dramatically improve this score. We
introduced start and end tags to every utterance (to capturephrases which serve
as cues when specifically in these locations), and trained models sensitive to
utterance length. For example, we trained three models — onefor utterances
of length 1, another for length between 2 and 4 words, and another for length
5 and above. Combining these features, we obtained a cross validated score
for our naive tagger of 61.92% over the larger, 50k data set (with a high of
65.03%). Given that Stolke et al. achieve a total tagging accuracy of around
70% onSWITCHBOARD data, we observe that our approach goes a long way to
reproducing the benefits of that approach, but using only a fraction of the data,
and using a much simpler model (i.e., individual dialogue act cues, rather than a
complete n-gram language model).
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3.3 Experiments with Transformation-Based Learning

Transformation-Based Learning (TBL) was first applied to dialogue act mod-
elling by Samuel, Carberry and Vijay-Shanker. They achieved overall scores of
75.12% tagging accuracy, using theVERBMOBIL corpus. As previously noted,
an aspect of their work addressed the identification of potential cue phrases, for
use as features during transformation based learning, i.e., so transformation rules
can be learned which require the presence of a given cue as a context condition
for the rule firing. In that work, the initial tagging state ofthe training data from
which TBL learning would begin was produced by assigning every utterance a
default tag corresponding to the most frequent tag over the entire corpus.

In our experiments, we wanted to investigate two issues. Firstly, whether a
more effective dialogue act tagging approach could be produced by using our
naive n-gram classifier as a pre-tagger generating the initial tagging state over
which aTBL tagger could be trained. It seems plausible that the increased accu-
racy of the initial tag state produced by the naive classifier, as compared to as-
signing just the most frequent tag, might provide a basis formore effective subse-
quent training. Secondly, we wanted to assess the impact of using larger volumes
of training data with a transformation based approach, given that Samuel et al.’s
results are based on a quite small data set from theVERBMOBIL corpus.

For an implementation of transformation based learning, weused the freely
available�-TBL system of Lager (1999). The current distribution of�-TBL
provides an example system for dialogue act modelling, including a simple set
of templates, which is developed with reference to the Samuel et al. work, and
applied to the MapTask domain (Lager & Zinovjeva 1999). We have used this
set of templates for all our experiments. We should note thatthe Lager and
Samuel et al. template sets differ considerably, e.g., Samuel et al. use thousands
of templates (together with a Monte Carlo variant of the training algorithm),
whilst the�-TBL templates are much fewer in number, may refer only to the
dialogue act tags of preceding utterances (i.e., not both left and right), and may
refer to any unigram or bigram appearing within utterances as part of a context
condition, i.e., they are not provided with a fixed set of dialogue act cues to
consider.

Our best results over the larger data set from theSWITCHBOARD corpus are
around 66%, applyingTBL to an initial data state produced by the naive classifier.
Interestingly, our results indicate the naive classifier achieves most of the gain,
with TBL consistently adding only 2 or 3%. In further work, we intend to apply
other machine learning algorothms to the results of pre-tragging the data using a
naive classifier.
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3.4 N-best dialogue act classification

Our most recent experiment shows interesting promise. We built a classifier
using the 45k utterance training set, and tested it on the 5k utterance test set.
However, rather than attempting to find the single best matchfrom the classifier,
we tagged each utterance with the top 5 possible utterances,as indicated by the
classifier on the basis of the predictivity of the n-grams theutterance contained.
On a cross-validation of the corpus, we calculated that 86.74% of the time the
correct dialogue act was contained in the 5-best output of the classifier. In order
to create some baseline measure, this experiment was repeated using the top
5 n-grams occurring by frequency in theSWITCHBOARD corpus. The tagging
accuracy of this experiment was 71.09%.

This would appear to confirm our belief in a limit on the potential resolution
to this classification problem using n-gram based corpus analysis. However, we
can offer an ordered list of possible alternatives to some higher level structure in
the DM, where although the maximum attainable score is lower, the number of
possible choices is reduced from 42 to 5.

4 Future work: Data driven dialogue discovery

Using the same corpus as above, to what extent could we discover the struc-
ture of DAFs, and their bounds from segmentations of the corpus, from anno-
tated corpora? We are currently exploring the possibility of deriving theDAF

structures themselves by taking a dialogue-act annotated corpus and then anno-
tating it further with an information extraction engine (Larsson & Traum 2000)
that seeks and semantically tags major entities and their verbal relations in the
corpus, which is to say, derives a surface-level semantic structure for it. One
function of this additional semantic tagging will be to add features for the DA
tagging methods already described, in the hope of improvingour earlier figures
by adding semantic features to the learning process.

The other, and more original possibility, is that of seekingrepeated sequences
of DA amd semantic triple type (verb, plus agent and object types) and endeav-
ouring to optimise the “packing” of such sequences to fill as much as possible of
a dialogue by using some algorithm such as Minimum Description Length, so as
to produce reusable, stereotypical, dialogue segments. Weanticipate combining
this with some corpus segmentation by topic alone, following Hearst’s (1993)
tiling technique.

Given any success at learning the segmentation of dialogue data, we expect
to use some form of the Reinforcement Learning approach of Walker (1990) to
optimise theDAF’s themselves.
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5 Discussion

The work in the last section is at a very preliminary stage, but will we hope form
part of the general strategy of this paper which is to derive aset of weak, general,
learning methods which will be strong in combination. This means the effect of
the combination of a top downDAM usingDAFs learned from corpus data, with
a DA and semantics parser learned from the same data. It is the interaction of
these bottom-up and top-down strategies in dialogue understanding (where the
former is taken to include the ambiguities derived from the acoustic model) that
we seek to investigate. This can perfectly well be seen as part of the program for
a full dialogue model laid out in Young (2002) in which he envisaged a dialogue
model as one where different parts are separately observed and framed before
being combined.

We have shown that a simple dialogue act tagger can be createdthat uses
just n-gram cues for classification. This naive tagger performs modestly, but
still surprisingly well given its simplicity. More significantly, we have shown
that a naive n-gram classifier can be used to pre-tag the inputto tranformation
based learning, which removes the need for a vast number of n-gram features to
be used in the learning algorithm. One of the prime motivators for using TBL
was its resiliance to such a high number of features, so by removing the need
to incorporate them, we are hopeful that we can use a wider range of machine
learning approaches for this task.

In regard to the naive n-gram classifier, we have described how the training of
the classifier involves pruning the n-gram by applying thresholds for predictivity
and absolute occurrence. These thresholds, which are empirically determined,
are applied globally, and will have a greater impact in eliminating possible n-
gram cues for the less frequently occurring dialogue act types. We aim to inves-
tigate the result of using local thresholds for each dialogue act type, in an attempt
to keep a adequate n-gram representation of all dialogue acts types, including the
less frequently occurring ones.

Finally, we aim to apply these techniques to a new corpus collected for the
AMITIES project, consisting of human-human conversations recorded in the call
centre domain (Hardy et al. 2002). We hope that the techniques outlined here
will prove a useful first step in creating automatic service counters for call centre
applications.

With the generation of more data from our already functioning DAM we hope
to derive constraints on stack access and the reopening of all unpoppedDAFs.
This, if successful, will be an important demonstration of the different function-
ing of DAFs as contrasted with the use ofATNs in syntactic analysis (e.g., Woods
1970) where non-determinisn requires both back tracking and the exhaustion of
all unpoppedATNs for completeness and the generation of all valid parsings of a
sentence. It should be noted that this is not at all the case here: there is no pro-
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vision for backtracking inDAFs and we expect to derive strong constraints such
that not all unpoppedDAFs will be reactivated. Analogous to the early dialogue
findings of Grosz (1977) and Reichmann (1985) we expect some unpoppedDAFs
are not reopenable after substantial dialogue delay, just as they showed that dia-
logue segments and topics were closed off and became eventually inaccessible.
Also, theATN interpreter, unlike it’s use in syntactic processing, is determinis-
tic, since, in every state, there will be a best match betweensome arc condition
and incoming representations. In this paper, we have discussed aspects of our
approach to dialogue analysis/fusion and control, but havenot touched at all on
generation/fission and the role of knowledge rich items, such as belief and plan-
ning structures, in that phase.
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Abstract
By a ‘domain theory’ we mean a collection of facts and generalisations
or rules which capture what commonly happens (or does not happen) in
some domain of interest. As language users, we implicitly draw on such
theories in various disambiguation tasks, such as anaphoraresolution and
prepositional phrase attachment, and formal encodings of domain theories
can be used for this purpose in natural language processing.They may also
be objects of interest in their own right, that is, as the output of a knowledge
discovery process. We describe a method of automatically learning domain
theories from parsed corpora of sentences from the relevantdomain.

1 Domain theories

The resolution of ambiguity has been a perennial topic of interest among lin-
guists and computational linguists. In the early days of generative linguistics,
the existence of various types of ambiguity was used to justify abstract levels of
linguistic structure:
(1) Flying planes can be dangerous.
(2) He saw the man with the telescope.
These examples show, respectively, that the same sequence of words can have
different assignments of parts of speech (lexical categories), and that the same
sequence of parts of speech can have differing constituent structures associated
with them. However, after some initial flirtations with ‘semantic features’, the
problem of resolving such ambiguities in a given context wasnot seriously pur-
sued, since it was regarded as what we would now call ‘AI-complete’, requiring
the encoding of salient features of the context as well as vast amounts of non-
linguistic knowledge:

For practically any item of information about the world, thereader
will find it a relatively easy matter to construct an ambiguous sen-
tence whose resolution requires the representation of thatitem (Katz
& Fodor, 1964:489).

Early work in computational linguistics reinforced this conclusion, pointing out
that it is not just lists of facts that are involved in disambiguation, but reason-
ing based on those facts. Furthermore, the kind of contextual reasoning required
to disambiguate some sentences can draw on facts which require a subtle un-
derstanding of social or political structures, rather thanfacts about the physical
world:
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(3) The police refused the students permission to demonstrate because
they advocated/feared violence.

The decision as to whether ‘they’ refers to ‘the police’ or to‘the students’ with
one or another of the alternative verbs, seems to be given by our assessment of
the relative plausibilities of the propositions ‘police/students advocate violence’
and ‘police/students fear violence’, and the likelihood that each of these propo-
sitions could form a reason for the police withholding permission. This decision
involves judging the plausibility of a proposition inferred from things already
known, but itself novel: it is very unlikely that a hearer hasconsciously or un-
consciously worried on any previous occasion about whetherpolice advocate or
fear violence more than students do.

Current implemented approaches to the disambiguation problem rely on sta-
tistical methods, for the most part. Starting with a corpus of disambiguated sen-
tences (a treebank), some kind of classifier is trained to distinguish ‘good’ from
‘bad’ parses of new sentences. The classifier will be trainedon ‘features’ in the
machine learning sense, typically some combination of headwords and gram-
matical or structural relations. This classifier may be implicit as an integral part
of the parsing algorithm (e.g., Collins 1997) or a separate component acting as
a ranking mechanism on the output of an N-best parser (as in early work like
Alshawi and Carter 1994, or more recent systems like Collinsand Duffy 2002).

At the current state of the art, training a statistical classifier to perform dis-
ambiguation is the method of choice, and will deliver a levelof performance
that traditional symbolic methods, even where they are available, are unable to
approach. Nevertheless, our position is that while these techniques are clearly
the best current engineering solution to the problem of disambiguation, they are
unsatisfactory in several scientific respects. Firstly, these solutions do not easily
(or at all) generalise from one type of disambiguation problem to another. For
example, in the following sentences it is intuitively clearthat the same piece of
general knowledge - that you can cut bread with a knife - is used to carry out a
PP attachment decision, interpret a compound nominal, and assign an antecedent
to a pronoun:

(4) Tell him to cut the bread with the knife.

(5) He picked up the bread knife.

(6) Put the bread on the wooden board. Use the knife to slice it.

But it is not at all straightforward to reuse the type of classifier that one might
build to disambiguate the PP attachment for the remaining two interpretation
tasks.

Secondly, it is by no means clear that one can in practice extend statistical
methods to the case of context-dependent disambiguation, or to the kind of rea-
soning found in cases of conversational implicature or ‘relevance’. Many disam-
biguation decisions require knowledge of what entities aresalient, unique, etc.
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Consider the task of deciding whether ‘by the factory’ should be construed as
an agentive or a locative phrase in the following examples (taken from a Google
search for ‘by the factory’):

(7) Four (4) Whelen #64 strobe lights shall be located on the rear of the
body, over the rear taillights. The lens colors shall be (2) red, (1)
amber, and (1) blue. They shall be strategically located by the factory
using good judgement.

(8) In our offices, located by the factory, we have our export department
where experienced pesonnel attends the requirements of ourexport
costumers(sic) ...

The correct decision in the first example requires the correct pronoun resolution
to have been made. Surely the task of getting enough context and disambiguated
example training material pairs would be in practice impossible: the sparse data
problem is bad enough for context-independent sentence disambiguation.

What is the alternative? We suggest that the traditional wisdom — that you
need a lot of knowledge of the world to make disambiguation decisions — is
largely correct. Furthermore, the observation that this knowledge of the world is
not just a list of facts, but is organised in a deductive structure that allows you
to make novel inferences is also largely correct. The question is, how do we
get such theories? The early pessimism about the possibility of building large
scale monolithic theories by hand is surely justified, although there have been
some heroic (and expensive) attempts (Lenat 1995). Moreover, it is not clear
that a single ‘theory of the world’ is what is wanted: experience in using general
linguistic classification schemes, such as WordNet (Fellbaum 1998), suggests
that in particular domains, word usage and relationships can be rather different
from ‘general usage’, which is presumably based on an abstraction from many
such domains, not necessarily chosen systematically. Rather, a more focused and
less ambitious aim is to develop a theory for a particular domain: by ‘domain
theory’ we mean a collection of facts and generalisations orrules which capture
what commonly happens (or does not happen) in some domain of interest.

Domain specific hand-crafted theories have been developed from time to
time: the earliest was perhaps embodied in the ‘preference semantics’ of Wilks
(1975) (although this was in fact quite general in its intended coverage) and more
recent attempts have been described by Hobbs et al. (1993). However, even con-
structing such smaller theories is still an extremely labour intensive business.

What we need is some way of automatically, or semi-automatically, inducing
domain theories from data of some kind. But from what kind of data? Here, we
can perhaps go back to the original observation that in orderto make a disam-
biguation decision, we need a great deal of knowledge about the world. However,
the observation that disambiguation decisions depend on knowledge of the world
can be made to cut both ways:just as we need a lot of knowledge of the world
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to make disambiguation decisions, so a given disambiguation decision can be
interpreted as telling us a lot about the way we view the structure of the world.
Since in the general case it is a much easier job to disambiguate sentences than to
directly encode the theory that we are drawing on in so doing,a better strategy for
trying to build a domain theory would be to try to capitalise on the information
that is tacitly contained in those disambiguation decisions.

2 A partial ATIS domain theory

In Pulman (2000) it was shown how it was possible to learn a simple domain
theory from a disambiguated corpus: a subset of the ATIS (airtravel informa-
tion service) corpus (Godfrey & Doddington 1990). Ambiguous sentences were
annotated as shown to indicate the preferred reading:

[i,would,like,
[the,cheapest,flight,from,washington,to,atlanta]]

[can,i,[have,a,steak_dinner],on,the,flight]

[do,they,[serve,a,meal],on,
[the,flight,from,san_francisco,to,atlanta]]

[i,would,like,[a,flight,from,boston,to,san_francisc o,
[that,leaves,before,’8:00’]]]

The ‘good’ and the ‘bad’ parses were used to produce simplified first order log-
ical forms representing the semantic content of the variousreadings of the sen-
tences. The ‘good’ readings were used as positive evidence,and the ‘bad’ read-
ings (or more accurately, the bad parts of some of the readings) were used as
negative evidence. For example, the good and bad readings ofthe first example
above are:

Good:9A.flight(A) & from(A,washington) & to(A,atlanta)
& cheapest(A) & would like(e73,I,A)

Bad:9A.flight(A) & from(A,washington) & cheapest(A)
& would like(e75,I,A) & to(e75,atlanta)

We use an eventish semantics for verbs: ‘e73’ etc are skolem constants deriving
from an event quantification, denoting events. The bad reading claims that it is
the liking event that is going to Atlanta, not the flight. Notethat some compo-
nents of the logical form are common to both the good and bad readings: when
shared components are factored out, and we have skolemised and transformed
to clausal form, the positive and negative evidence derivedfrom this sentence
would be:
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Positive:
cheapest(sk80).
flight(sk80).
from(sk80,washington).
to(sk80,atlanta).
would like(e73,I,sk80).
event(e73).

Negative:
not(to(e73,atlanta))

Note that we have added some extra background sortal information to distinguish
events from other individuals. We also add some other background sortal infor-
mation: that United, American etc. are airlines, that Atlanta and Washington are
cities, and so on.

Next we used a particular Inductive Logic Programming algorithm, Progol
(Muggleton 1994), to learn a theory of prepositional relations in this domain:
i.e., what kinds of entities can be in these relations, and which cannot:

on(+any,+any)
from(+any,+any)
to(+any,+any)
at(+any,+any)

The+any declaration says that we have no prior assumptions about sortal restric-
tions on these predicates. Among others we learn generalisations like these (all
variables are implicitly universally quantified):

fare(A) & airline(B) ! on(A,B)
event(A) & flight(B) ! on(A,B)
meal(A) & flight(B) ! on(A,B)
flight(A) & day(B) ! on(A,B)
flight(A) & airline(B) ! on(A,B)

Fares and flights are on airlines; events (like serving a meal) can be on flights,
meals can be on flights, and flights can be on (particular) days. However:

event(A) & airline(B) ! not(on(A,B))
event(A) & city(B) ! not(from(A,B))
event(A) & city(B) ! not(to(A,B))

— events cannot be on airlines, and events don’t go to or from cities. Using
a different ILP algorithm, WARMR (Dehaspe & De Raedt 1997), for discov-
ering frequent patterns (in data mining terms, associationrules) and the system
Aleph (Srinivasan 2003) for deriving constraints from these rules, we obtained
the following facts:

Flights are direct or return, but not both:

direct(A) ! flight(A)
return(A) ! flight(A)
direct(A) & return(A) ! false
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These generalisations are true with respect to the given corpus, but may not be
true more generally. However, these constraints between prepositions are pre-
sumably of general validity:

from(A,B) & to(A,B) ! false
at(A,B) & after(A,B) ! false
at(A,B) & before(A,B) ! false
after(A,B) & before(A,B) ! false

etc.

Having learned this domain theory we were able to show that itcould be used
successfully in disambiguating a small held-out section ofthe corpus, by check-
ing for consistency between logical forms and domain theories. There are many
variations to be explored here, but in this particularly simple setting the negative
domain theory, i.e., the generalisations or constraints about what doesNOT hap-
pen are the easiest to employ. A ‘good’ reading of an ambiguous sentence will be
consistent with a negative constraint, whereas a ‘bad’ reading will lead to a con-
tradiction. This can be implemented using a model builder for first order logic,
in our case, a version of Satchmo (Manthey & Bry 1988). We assume as axioms
the negative domain theory. We parse a sentence, and turn each parse tree into a
first order logical form. We then add each logical form in turnto the axioms, and
see whether we can build a model, i.e., whether the conjunction of the negative
domain theory and the logical form is satisfiable or consistent. If we can build a
model, the logical form is a plausible one; if we cannot, it isan implausible one.
To illustrate from the example of a bad logical form given earlier:9A.flight(A) & from(A,washington)

& cheapest(A) & would like(e75,I,A)
& to(e75,atlanta)
... & event(e75) & city(atlanta)

will contradict:8A,B.event(A) & city(B) ! not(to(A,B))

and so no model can be constructed.
While the numbers of sentences involved in this experiment are too small for

the results to be statistically meaningful, the experimentproved that the method
works in principle, although of course in reality the notionof logical consistency
is too strong a test in many cases. Note also that the results of the theory induc-
tion process are perfectly comprehensible - we get a theory with some logical
structure, rather than a black box probability distribution. The theory we have
got can be edited or augmented by hand, and could be used for other types of dis-
ambiguation task, such as word disambiguation and pronoun resolution. It could
also be used for other types of NLP task altogether: logical domain theories have
recently been used to improve performance in natural language question answer-
ing tasks (Moldovan et al 2003) and it has been argued that automatic creation
of templates for Information Extraction could benefit from such domain theories
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(Collier 1998). The output of our theory induction process thus meets the criteria
of transparency and reusability discussed earlier.

3 Scaling up

Of course, the ATIS corpus is relatively simple and homogeneous. The question
is whether this technique will scale up to larger and noisiercorpora. However,
this is rather difficult to do in practice since the method requires the corpus in
question to be analysable to the extent that complete logical forms can be recov-
ered for both good and bad readings of sentences. We know of nosuch large
corpora: however, the Penn Tree Bank(Marcus et al. 1994) is agood starting
point, since the syntactic annotations for sentences giventhere are intended to be
complete enough for semantic interpretation, in principle, at least.

In practice, as we reported in Liakata and Pulman (2002), it is by no means
easy to do this. We were able to recover partial logical formsfrom a large pro-
portion of the treebank, but these are not complete or accurate enough to simply
replicate the ATIS experiment. In order to approach this we selected about 40
texts containing the verb ‘resign’, all reporting, among other things, ‘company
succession’ events, a scenario familiar from the Message Understanding Confer-
ence (MUC) task (Grishman & Sundheim 1996). The texts amounted to almost
4000 words in all. Then we corrected and completed the automatically produced
logical forms by hand to get a fairly full representation of the meanings of these
texts (as far as is possible in first order logic). We also resolved by hand some
of the simpler forms of anaphoric reference to individuals to simulate a fuller
discourse processing of the texts.

To give an example, a sequence of sentences like:

J.P. Bolduc, vice chairman of W.R. Grace & Co. ... was electeda
director. He succeeds Terrence D. Daniels,... who resigned.

was represented by the following sequence of literals:
verb(e1,elect).
funct_of(’J.P._Bolduc’,x1).
...
subj(e1,unspecified).
obj(e1,x1).
description(e1,x1,director,de1).

verb(e5,succeed).
subj(e5,x1).
funct_of(’Terrence_D._Daniels’,x6).
obj(e5,x6).
verb(e4,resign).
subj(e4,x6).
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The representation is a little opaque, for various implementation reasons. It can
be paraphrased as follows: there is an event, e1, of electing, the subject of which
is unspecified, and the object of which is x1. x1 is characterised as ‘J P Bolduc’,
and e1 assigns the description de1 of ‘director’ to x1. Thereis an event e5 of
succeeding, and x1 is the subject of that event. The object ofe5 is x6, which is
characterised as Terrence D Daniels. There is an event e4 of resigning and the
subject of that event is x6.

The reason for all this logical circumlocution is that we aretrying to learn a
theory of the ‘verb’ predicate, in particular we are interested in relations between
the arguments of different verbs, since these may well be indicative of causal or
other regularities that should be captured in the theory of the company succes-
sion domain. If the individual verbs were represented as predicates rather than
arguments of a ‘verb’ predicate we would not be able to generalise over them: we
are restricted to first order logic, and this would require higher order variables.

We also need to add some background knowledge. We assume a fairly simple
flat ontology so as to be able to reuse existing resources. Some entities were as-
signed to classes automatically (see below for details of the clustering techniques
used), others had to be done by hand. The set of categories used were:

company, financial instrument, financial transaction, location, money,
number, person, company position, product, time, and unit (of or-
ganisation).

As before, the representation has these categories as an argument of a ‘class’
predicate to enable generalisation:

class(person,x1).
class(company,x3).
etc.

Ideally, to narrow down the hypothesis space for ILP, we needsome negative
evidence. In the ATIS case, we were able to do this because ourparser was able
to find all parses for the sentences in question, good and bad.In the case of the
Penn Tree Bank, only the good parse is represented. There areseveral possible
ways of obtaining negative data, of course: one could use a parser trained on the
Tree Bank to reparse sentences and recover all the parses. However, there still re-
mains the problem of recovering logical forms from ‘bad’ parses. An alternative
would be to use a kind of ‘closed world’ assumption: take the set of predicates
and arguments in the good logical forms, and assume that any combination not
observed is actually impossible. One could generate artificial negative evidence
this way.

Alternatively, one can try learning from positive only data. Progol and Aleph
are able to learn from positive only data, with the appropriate settings. Also,
so-called ‘descriptive’ ILP systems like WARMR do not always need negative
data: they are in effect data mining engines for first order logic, learning gener-
alisations and correlations in some set of data.
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4 Domain theory for company succession events

We found that the most successful method, given the absence of negative data,
was to use WARMR to learn association rules from the positivedata. As with
all types of association rule learning, WARMR produces a huge number of rules,
of varying degrees of coverage. We spent some time writing filters to narrow
down the output to something useful. Such filters consist of constraints ruling
out patterns that are definitely not useful, for example patterns containing a verb
but no arguments or attributes. An example of such a restriction is provided
below:

pattern_constraint(Patt):-
member(verb(_,E,_A,_,_),Patt),
(member(attr(_,E,Attr),Patt)

->
\+constraint_on_attr(Patt,Attr)).

This says that a rule isn’t useful unless it contains a verb and one of its attributes
that satisfies a certain constraint. A constraint is of the following form:

constraint_on_attr(Patt, Attr) :-
member(class(_,Attr), Patt).

The above states that there should be a classification of the attribute Attr present
in the rule. A useful pattern Patt will satisfy such constraints and thus make the
’patternconstraint’ predicate fail.

Some of the filtered output, represented in a more readable form compatible
with the examples above are:
Companies report financial transactions:

subj(B,C) & obj(B,D) & class(fin tran,D) & class(company,C)! verb(B,report)

Companies acquire companies:
subj(B,C) & obj(B,D) & class(company,D) & class(company,C )! verb(B,acquire)

Companies are based in locations:
obj(A,C) & class(company,C) & in(A,D) & class(location,D)! verb(A,base)

If a person is elected, another person resigns:
verb(H,elect) & obj(H,I) & class(person,I) & subj(C,L)
& class(person,L)! verb(C,resign)

If person C succeeds person E, then someone has elected person C:
obj(A,C) & class(person,C) & verb(D,succeed) & subj(D,C)
& obj(D,E) & class(person,E)! verb(A,elect)
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If someone elects person C, and person D resigns, then C succeeds D:
subj(G,C) & verb(A,elect) & obj(A,C) & class(person,C)
& verb(E,resign) & subj(E,D) & class(person,D)! verb(G,succeed)

While there are many other rules learned that are less informative than this, the
samples given here are true generalisations about the type of events described in
these texts: unremarkable, perhaps, but characteristic ofthe domain. It is note-
worthy that some of them at least are very reminiscent of the kind of templates
constructed for Information Extraction in this domain, suggesting a possible fur-
ther use for the methods of theory induction described here.

In the ATIS domain, we were able to evaluate the usefulness and accuracy of
the rules induced by applying them in a syntactic disambiguation task. However,
we have not been able to replicate that evaluation here, for avariety of reasons
of which the most important is the relative sparseness of therules derived: much
more information would be needed in most cases for successful disambiguation.

5 Next steps

In our current work we are trying to scale up again. However, to do this suc-
cessfully we need better ways of obtaining negative evidence, and of formalising
background knowledge. For the former, we intend to experiment with a wide
coverage parser which is capable of delivering all analysesfor sentences rather
than simply the best one. For the latter we have used clustering techniques to try
to group logical predicates into classes which will allow the various ILP algo-
rithms to generalise over samples of evidence involving these predicates. In the
ATIS experiment we carried this step out by hand, whereas forthe company suc-
cession succession events we used a mixture of automatically derived and hand
made classes. Obviously, a larger data set would require full automation of the
process.

In our current experiments we have tried clustering the entire set of logical
form verb predicates derived from the PTB. More specifically, we clustered the
verb argument slots of each predicate (e.g., resignarg1 is the subject of the verb
resign). Note that the logical form predicates are derived automatically from the
stem form of the word involved, and so no word sense disambiguation is being
carried out, leading to a major source of noise in the data. Weconstructed a large
three-dimensional matrix:

predicates X arguments X frequency
An artificial example of such a matrix is:

cat dog father computer
snorearg1 3 2 10 0
hit arg1 2 4 1 2
hit arg2 6 7 2 20
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This says thatcat occurs as first argument of ‘snore’ three times,dog twice,
father ten times andcomputernot at all. We used Autoclass (Cheeseman 1995)
to form clusters of verb argument slots such that the ones grouped together are
those verb slots filled by the same words. Classification of verbs and words that
feature as their arguments was then easily derivable.

We ran Autoclass assuming that word frequencies follow a normal distribu-
tion, with dependencies between members of the same class. Autoclass found
between 32 to 55 clusters, depending on whether the table consisted of abso-
lute frequencies, logarithms of frequencies or whether there had been a pre-
processing stage for grouping together person names, locations, numerical ex-
pressions and company names. This pre-processing stage involved checking
against various gazetteer lists. We decided to stick with 32clusters, since the
classification into more groups did not make the intuitive basis for the clusters
any more obvious. These were the clusters obtained for the absolute frequencies
of the pre-processed data.

Many of the resulting classes are difficult to interpret, although about half
have some clear intuitive basis, once some outliers are ignored:

Class 9: plunge, soar, climb, decline, jump, slide,
plummet, pick up, slip

These verbs seem to have a common theme of a sudden movement, and when
we look at the most frequently occurring arguments of some ofthem it becomes
clear that they describe sudden movements of what might be called the class of
‘financial indicators’:

PLUNGE_arg1: subject argument:
dow_jones_industrial_average, income, stock, person,
profit, market, earnings, average, net,
share, price

SOAR_arg1: subject argument:
rate, price, profit, location, cost, dollar,
volume, income, asset, interest, circulation,
stock, revenue, jaguar_shares, earnings, person

PLUMMET_arg1:
price, market, stock, ual_stock, earnings, profit,
company, indicator, yield

JUMP_arg1:
income, profit, price, person, company, revenue,
location, earnings, index, dow_jones_industrial_averag e,
contract, yield, cost, gold, people

This class of verbs seems to involve a causal mechanism for a similar type of
financial change:

Class 10: bolster, increase, reduce, boost, occur, trigger
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We find a class of aspectual verbs:
Class 16: close, begin, start, complete

and we also find the class of the ‘company succession verbs’
Class 18: appoint, resign, succeed

Some other classes also have a clear semantic relationship to each other:
Class 23: know, believe, think
Class 24: buy, pay, purchase, own

As well as Autoclass, which is essentially classification byExpectation Maximi-
sation, we also tried another method of clustering based on Independent Compo-
nent Analysis (Roberts & Everson 2001). This latter approach involved obtaining
the matrix of frequencies and minimizing its dimensions. Four classes resulted
from this method but while easily interpretable, they were too general to be of
use for our purposes. Nevertheless, the theoretical foundation of this clustering
technique may well make it more suitable for future work, since it makes more
realistic assumptions about the distributions our samplesare from.

In principle, the way we would proceed having satisfactorily grouped predi-
cates into clusters (perhaps hierarchical, although so farwe have not attempted
this) would be then to assign informative labels to clusters, and represent the
relations between clusters and their members as backgroundknowledge:

plunge(X) ! move suddenly(X)
soar(X) ! move suddenly(X)
plummet(X) ! move suddenly(X)
...
financial indicator(X) ! plummet(X)
financial indicator(X) ! soar(X)
...
dow jones industrial avge(X) ! financial indicator(X)
earnings(X) ! financial indicator(X)
market(X) ! financial indicator(X)
...

This would enable the learning algorithm to generalise correctly over related
examples.

As for evaluation, our original hope was to be able to use the derived theory
both for syntactic disambiguation and for other tasks like reference resolution. In
particular, we wanted to be able to deal with the cases that currently successful
pronoun resolution algorithms (e.g., Hobbs 1978, Boguraevand Kennedy 1996)
get wrong. These are cases where the structural configurations preferred by these
algorithms yield interpretations that to us are clearly implausible. Lappin (2004)
has argued that however successful a structural or statistically based algorithm is,
there will always be a residue of cases like these where detailed world knowledge
and reasoning is required to get the right result.

The following examples from the Penn Tree Bank illustrate the phenomenon
in question:
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(9) The governmenti counts money as iti is spent.

Parallelism and grammatical relation salience will combine to strongly prefer the
reading indicated, which is of course wrong. In order to override this reading and
select the correct one you need to know that while it is possible for money to be
spent, it is not possible for a government to be spent (at least, not in the same
sense).

An example close to the kind of clusters we have been able to induce is this
one, where again the structural preference would be as indicated:

(10) Investorsi usually notice markets because theyi rise or fall rapidly.

This interpretation requires it to be more plausible that investors rise or fall than
that markets do. We would hope that the correct preference would be captured
by generalisations like those sketched above.

It is arguable that a statistical system for pronoun resolution, which infers
sortal restrictions on arguments from collocations, wouldprobably be able to
deal with the above example. However, this is certainly not the case for examples
like the following:

(11) Leadersi of several Middle Eastern terrorist organisations met in
Teheran to plan terrorist acts. Among themi was the PFL of Palestine...

Again, if we ignore the content of the sentence, the most likely antecedent for
‘them’ is the one indicated. In order to see that this is incorrect, we need to know
an axiom associated with ‘among’: roughly, that if X is amongYs, and all Ys
are P, then X is P. However, this axiom is somewhat more abstract than those we
are learning (although domain specific versions are attainable) and it remains to
be seen whether it is possible to learn a theory with enough width and depth of
coverage to be properly evaluated on something like a pronoun disambiguation
task.

A further possibility is to use the domain theory learning method described
here to learnnewknowledge. The domain theories we have described so far are
trying to encapsulate the ‘common-sense’ understanding that is required to inter-
pret and disambiguate texts - this is routine, everyday knowledge that members
of the relevant community can be expected to share. But if we instead had parsed
texts from some technical domain - for example, the protein interaction research
abstracts used in the information extraction experiment described in Thomas et
al. 2000 - it is conceivable that an induced theory might welllead one to be able
to deduce some completely new and useful information about that domain. By
putting together information from different texts in the form of facts and infer-
ence rules, it may be possible to derive new conclusions thatwould not otherwise
have been apparent.
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Recent Developments in Temporal Information Extraction

INDERJEETMANI

Georgetown University

Abstract

The growing interest in practical NLP applications such as text summariza-
tion and question-answering places increasing demands on the processing
of temporal information in natural languages. To support this, several new
capabilities have emerged. These include the ability to tagevents and time
expressions, to temporally anchor and order events, and to build models
of the temporal structure of discourse. This paper describes some of the
techniques and the further challenges that arise.

1 Introduction

Natural language processing has seen many advances in recent years. Problems
such as morphological analysis, part-of-speech tagging, named entity extraction,
and robust parsing have been addressed in substantial ways.Hybrid systems
that integrate statistical and symbolic methods have proved to be successful in
particular applications. Among the many problems remaining to be addressed
are those that require a deeper interpretation of meaning. Here the challenges in
acquiring adequate linguistic and world knowledge are substantial.

Current domain-independent approaches to extracting semantic information
from text make heavy use of annotated corpora. These approaches require that
an annotation scheme be designed, debugged, and tested against human anno-
tators provided with an annotation environment, with inter-annotator reliability
being used as a yardstick for whether the annotation task andguidelines are
well-defined and feasible for humans to execute. A mixed-initiative approach
that combines machine and human annotation can then be used to annotate a
corpus, which is in turn used to train and test statistical classifiers to carry out
the annotation task.

The above corpus-driven methodology is expensive in terms of engineering
cost. There are various ways of lessening the expense, including trading off
quality for quantity. For example, a system can be trained from a very large
sample of fully automatic annotations and a smaller sample of human-validated
annotations. Nevertheless, the total cost of putting together an annotation scheme
and applying it to produce a high-quality annotated corpus is still high.

Temporal information extraction offers an interesting case study. Temporal
information extraction is valuable in question-answering(e.g., answering ‘when’
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questions by temporally anchoring events), information extraction (e.g., normal-
izing information for database entry), summarization (temporally ordering infor-
mation), etc. Here, as we shall see, a system has to strive fora relatively deep
representation of meaning. However, the methodology outlined above breaks
down to some extent when applied to this problem. This in turnsuggests new
approaches to annotation by humans and machines.

2 Temporal information extraction

To illustrate the problem of Temporal Information Extraction, consider the fol-
lowing discourse:

(1) Yesterday, John fell. He broke his leg.

A natural language system should be able toanchor the falling event to a partic-
ular time (yesterday), as well asorder the events with respect to each other (the
falling wasbeforethe breaking). We can see here that a system needs to be able
to interpret events (or more generally, events and states,together called eventual-
ities), tense information, and time expressions. The latter will be lumped under
temporal adverbials,including temporal prepositions, conjunctions, etc. Further,
in order to link events to times, commonsense knowledge is necessary. In par-
ticular, we infer that the breaking occurred the same day as the falling, as a
result of it, and as soon as the fall occurred. However, this is a default infer-
ence; additional background knowledge or discourse information might lead to
an alternative conclusion.

Consider a second example discourse (2):

(2) Yesterday Holly was running a marathon when she twisted her ankle. David
had pushed her.

Here we need to understand that the use of the progressive form (i.e., aspectual
information) indicates that the twisting occurredduring the ‘state’ of running
the marathon. Knowledge of tense (past perfect) suggests that the pushing oc-
cursbeforethe twisting (at least). Commonsense knowledge also suggests that
the pushing occursbeforeand caused the twisting. We can see that even for in-
terpreting such relatively simple discourses, a system might require a variety of
sources of linguistic knowledge, including knowledge of tense, aspect, tempo-
ral adverbials, discourse relations, as well as backgroundknowledge. Of course,
other inferences are clearly possible, e.g., that the running stoppedafterthe twist-
ing, but when viewed as defaults, these latter inferences seem to be more easily
violated.

Consider now the problem of representing the structure of the extracted in-
formation. It is natural to think of this in terms of a graph. For example, a graph
for (1) is shown in Figure 1; here we assume the document publication date is 18
February 2004:
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Figure 1:Graph for a simple story

Here we have assumed that the falling culminates in the breaking of the leg, i.e.,
that there is no time gap in between.

Turning to the structure of such graphs, it should be clear that the events will
not necessarily be totally ordered in time, so we should consider the events and
times in the graph to be partially ordered. Let us assume thatevents and times
are represented as intervalsmarked by pairs of time points,and let us adopt the
thirteen relations that Allen (1984) proposes in his interval-based temporal logic.
Then, we can consider how to map NL texts to such graphs by an automatic
procedure, and then use the graphs to answer questions, produce summaries,
timelines, etc. The focus in this paper is on the mapping, rather than the use.

3 Previous research

Until recently, most of the prior research on temporal information extraction had
drawn inspiration from work in linguistics and philosophy,as well as research
on temporal reasoning in artificial intelligence. The earlywork of Moens &
Steedman (1988) and Passonneau (1988) focused on linguistic models of event
structure and tense analysis to arrive at temporal representations. For exam-
ple, in Moens & Steedman (1988), “Harry hiccupped for three hours” would
be analyzed as a process of iteration of the point event of hiccupping. Passon-
neau (1988) developed an information extraction system that could temporally
locate events in texts, processing sentences like “The compressor failed before
the pump seized”. Much of the early work also adopted Allen’stemporal re-
lations, and used meaning representations augmented with temporal variables
(Reichenbach 1947) or temporal operators (Prior 1968).

Earlier work also devoted a lot of attention to temporal aspects of discourse.
A default assumption that runs through the literature (see,especially Dowty
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(1986)) is that a simple past tense sentence, if it describesan event, advances
the narrative, so that the event occurs after the eventuality in the previous sen-
tence. This is thenarrative conventionof narrating events in the order they occur.
If the eventuality is a state, a default assumption is that itoverlapswith the even-
tuality of the previous sentence. Work by Webber (1988) related the ordering
principles to a general model of discourse processing wheretense was treated
anaphorically, specifying a number of rules governing the temporal relationships
among successive clause pairs in a discourse. Later work by Song & Cohen
(1991) extended Webber’s work in an implemented system thathypothesized that
only certain kinds of tense shifts were coherent. They went on to suggest vari-
ous heuristics to resolve ambiguities in temporal ordering. Hwang & Schubert
(1992) implemented a system based on a framework of compositional semantics,
showing why compositionality was a crucial property in temporal interpretation,
especially for handling subordinated events.

In parallel, developments in formal semantics led to the evolution of Dis-
course Representation Theory (Kamp & Reyle 1993). Here the semantic rep-
resentation of a sentence in a discourse context includes temporal ordering and
inclusion relations over temporal indices. However, the focus was on the default
narrative convention above, along with thestates overlapassumption. Clearly,
discourse relations like causality, as in (2), violate thisconvention. This point
was taken up by work by Lascarides & Asher (1993), who developed a theory of
defeasible inference that relied on a vast amount of world knowledge. Hitzeman
et al. (1995) argued convincingly that reasoning in this wayusing background
knowledge was too computationally expensive. Instead, their computational ap-
proach was based on assigning weights to different orderingpossibilities based
on the knowledge sources involved, with semantic distance between utterances,
computed based on lexical relationships, standing in for world knowledge.

The widespread use of large corpora inNLP allowed work on temporal in-
formation extraction to advance forward quite dramatically. Wiebe et al. (1998)
used a corpus-based methodology to resolve time expressions in a corpus of
Spanish meeting scheduling dialogs at an overall accuracy of over 80%. Other
work on resolving time expressions in meeting scheduling dialogs include Alexan-
dersson et al. (1997) and Busemann et al. (1997). In the meantime, community-
wide information extraction tasks had started to show beneficial results. The
MUC-7 (1998) task tested accuracy in flagging time expressions, but did not re-
quire resolving their values. In flagging time expressions,however, at least 30%
of the dates and times in theMUC test were fixed-format ones occurring in doc-
ument headers, trailers, and copyright notices, thus simplifying the task.

Another area of work in temporal information extraction involves process-
ing temporal questions.Androutsopoulos (2002) allowed users to pose temporal
questions in natural language to an airport database, whereEnglish queries were
mapped to a temporal extension of theSQL database language, via an intermedi-
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ate semantic representation that combined both temporal operators and temporal
indices. For example, the question “Which flight taxied to gate 4 at 5:00 pm?”
would result in an interpretation where the taxiing startedor ended at 5 pm.
Although this effort was focused on databases, the emphasison mapping a rep-
resentation of NL meaning to a formal language that can support inference is
inherent in approaches to temporal information extraction.

4 TimeML

The body of previous work suggests the need for an annotationscheme that can
capture the kind of graph structure shown in Figure 1. TimeML(Pustejovsky et
al. 2004) is a proposed metadata standard for markup of events and their tem-
poral anchoring in documents that addresses this. It has been applied mainly
to English news articles. The annotation scheme integratestogether two anno-
tation schemes:TIDES TIMEX2 (Ferro et al. 2000) and SheffieldSTAG (Setzer
& Gaizauskas 2000), as well as other emerging work (Katz & Arosio 2000). It
identifies a variety of event expressions, including tensedverbs, e.g., “has left”,
“was captured”,“will resign”; stative adjectives “sunken”, “stalled”, “on board”;
and event nominals “merger”, “Military Operation”, “Gulf War”.

Eventualities in TimeML have various attributes, including the type of event,
its tense, aspect, and other features. Temporal adverbialsincludesignals, i.e.,
temporal prepositions (“for”, “during”, “on”, “at”, etc.)and connectives (“be-
fore”, “after”, “while”, etc.). TimeML also represents time expressions, adding
various modifications toTIMEX2, yielding an annotation scheme calledTIMEX3.
The main point of TimeML, however, is to link eventualities and times; for ex-
ample, anchoring an event to a time, and ordering events and/or times. This is
done by means ofTLINK , or temporal links labeled with Allen-style temporal
relations. Linking also take into account actual versus hypothetical events, e.g.,
(3), where the leaving is subordinated to a modal “may”, and (4), where the leav-
ing is subordinated to the saying/denying. These latter situations are addressed
by means ofSLINKs, orsubordinatinglinks. Thus, in (5) below, the saying sub-
ordinates the other events, which are in turn subordinated in the order found in
the sentence.

(3) John may leave tomorrow.

(4) John said/denied that Mary left.

(5) The message to the chief of staff was meant to be taken as a suggestion that
Sununi offer to resign, one highly placed source said.

Finally, TimeML also annotatesaspectualverbs like “start (to cough)”, “con-
tinue lazing about”, etc. These verbs, rather than characterizing a distinct event,
indicate a particular phase of another event; as a result, the aspectual verb is
linked by aaspectuallink (ALINK ) to the event.
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Recent work by Hobbs & Pustejovsky (2004) maps the structureof TimeML to
a formal theory of time (theDAML small TimeOntology), which in turn allows
formal queries to be posed to a reasoning system.

5 TIMEX2

TIMEX2 is the historically oldest segment of what is now TimeML. Although the
guidelines are fairly complex, it is the relatively most robust part of the TimeML
scheme. As a result, it has been applied more extensively than TIMEX3 or the rest
of TimeML. It was developed originally by theDARPA TIDES program and has
since been adopted by the U.S. Government in the Automatic Content Extraction
(ACE) program’s Relation Detection and Characterization (RDC) task, and in two
ARDA TimeML summer workshops (NRRC 2004).

TIMEX2 is an annotation scheme for marking the extent of English time ex-
pressions (withTIMEX2 tags) and normalizing their values inISO-8601(1997)
format (with a few extensions). TheTIMEX2 scheme represents the meaning
of time expressions expressed as time points, e.g., “yesterday” with the value
20040217, or “the third week of October”:2000W42. It also represents durations,
e.g., “half an hour long”:PT30M. TIMEX2 also handles fuzzy times such as “Sum-
mer of 1990”:1990SU , where a primitiveSU is used. It also distinguishes
between specific and non-specific uses (the latter being a catchall for indefi-
nite, habitual, and other cases) e.g., “April is usually wet”:XXXX04;non specific.
Sets of times are represented to some extent, e.g., “every Tuesday” has a value
XXXXWXX2with periodicityF1W andgranularity G1D, whereF1W means once
a week, andG1D means a grain size of one day.

Annotators can be trained forTIMEX2 tagging very quickly (usually half a
day of training followed by a few homework exercises). Inter-annotator accu-
racy,on the average, across 5 annotators annotating 193 news documents from
the (TDT2 1999) corpus, is .86 F-measure in identifying timevalues. The F-
measure for identifying tag extent (where tags start and end) is .79. The reason
the value F-measures are higher than the extent F-measures is because the scorer
flags occurrences of tags in a candidate annotation that occur in almost but not
exactly the same position in the reference annotation as errors of extent, but nev-
ertheless compares the values of such overlapping tags, scoring the values correct
if the candidate and reference values are equivalent.

However, inter-annotator reliability on two features is low: F-measure on
granularity is .51, and onnon-specificityit is .25. While there were only a small
sample of these latter features in the corpus (200 examples compared to 6000
examples of time values), these do indicate a problem, leading to a number of
modifications, including the revised specification for setsin TIMEX3 (see be-
low). Error analyses confirm that annotators do deviate fromthe guidelines and
produce systematic errors, for example, annotating “several years ago” asPXY
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(a period of unspecified years, a valid time expression) instead ofPASTREF; or
annotating “all day” asP1D rather thanYYYYMMDD.

6 TIMEX2 tagging

A variety of approaches have been developed to tagTIMEX2 expressions. I dis-
cuss one method here; others are briefly summarized later. The TIMEX2 tag-
ger TempEx (Mani & Wilson 2000) handles both absolute times (e.g., “June 2,
2003”) and relative times (e.g., “Thursday”) by means of a number of tests on
the local context. Lexical triggers like “today”, “yesterday”, and “tomorrow”,
when used in a specific sense, as well as words which indicate apositional off-
set, like “nextmonth”, “last year”, “this comingThursday” are resolved based
on computing direction and magnitude with respect to a reference time, which is
usually the document publication time. Bare day or month names (“Thursday”,
or “February”) are resolved based on the tense of neighboring past or future
tense verbs, if any. Signals such as “since” and “until” are used as well, along
with information from nearby dates.

TempEx has been applied to different varieties of corpora, including broad-
cast news, print news, and meeting scheduling dialogs. The performance on all
of these is comparable. On the 193-documentTDT2 subcorpus, it obtained a .82
F-measure in identifying time values and .76 F-measure for extent.

In conjunction with work on taggingTIMEX2, word-sense disambiguation
has also been carried out. For example, deciding whether an occurrence of “to-
day” is non-specific or not can be carried out by a statisticalclassifier at .67 F-
measure (using a Naı̈ve Bayes classifier), which is significantly better than guess-
ing the majority class (.58 F-measure for specific). Other types of sense temporal
disambiguation have also been carried out. For example, deciding whether word
tokens like “spring”, “fall”, etc. are used in a seasonal sense can be carried out at
.91 F-measure (using decision trees), whereas just guessing seasonal all the time
scores .54 F-measure.

7 TIMEX3 extensions

As mentioned earlier, theSET specification inTIMEX2 proved to be problem-
atic for annotators. InTIMEX3, SET has been simplified to have two attributes
in addition to the value:quantquantification over the set, andfreq frequency
within the set. Thus, we have examples like “three days everymonth”: P1M;
quant=every; freq=P3Dand “twice a month”:P1M; freq=P2X.

TIMEX3 also allows event-dependent time expressions like“three years after
the Gulf War” to be tagged, since, unlikeTIMEX2, events are tagged in TimeML.
TIMEX3 in addition allows a functional style of encoding of offsetsin time ex-
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pressions, so that “last week” could be represented not onlyby the time value
but also by an expression that could be evaluated to compute the value, namely,
that it is the predecessor week of the week preceding the document date.

However, at the time of writing, automatic tagging ofTIMEX3 has not yet
been attempted, nor has inter-annotator reliability onTIMEX3 been studied, so
we cannot as yet assess the feasibility of these extensions.

8 Challenges in TimeML link annotation

The annotation by humans of links in TimeML is a very challenging problem.
Ordering judgments, as indicated by discourses (1) and (2) above, can be hard
for a variety of reasons:� The annotation of events other than tensed verbs. Since states are included,

deciding which states to annotate can also be difficult, since the text may
not state when a state stopped holding (this is an aspect of the AI frame
problem). For example, given (6), we infer that Esmeralda was no longer
hungry after the eating event, and that as far as we know nothing else
changed. The guidelines call for just annotating those states which the text
explicitly indicates as having changed, but specifying this is difficult.

(6) Esmeralda was hungry. She ate three Big Macs.� The difficulty of deciding whether a particular relation is warranted. For
example, in (2) above, we recommended against committing tothe twist-
ing asfinishingthe marathon running. Determining what inference to com-
mit to can be fairly subtle.� The possibility of ambiguity or lack of clear indication of the relation. In
such a case, the user is asked not to annotate theTLINK .� The granularity of the temporal relations. A pilot experiment (Mani &
Schiffman 2004) with 8 subjects providing event-ordering judgments on
280 clause pairs revealed that people have difficulty distinguishing whether
there are gaps between events. The 8 subjects were asked to distinguish
whether an event is (a)strictly beforethe other, (b)before and extending
into the other, or (c) issimultaneouswith it. These distinctions can be hard
to make, as in the example of ordering “try on” with respect to“realize” in
(7):

(7) In an interview with Barbara Walters to be shown on ABCs “Friday
nights”, Shapiro said he tried on the gloves and realized they would
never fit Simpson’s larger hands.

Not surprisingly, subjects had only about 72% agreement (corresponding
to a low Kappa score of 0.5) on these ordering distinctions. Ignoring the
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(a) versus (b) distinction raises the agreement to Kappa 0.61, which is (ar-
guably) acceptable. This experiment shows that a coarse-grained concept
of event ordering is more intuitive for humans.� The density of the links. The number of possible links is quadratic in the
number of events. Users can get fatigued very quickly, and may ignore lots
of links.

To date, no inter-annotator study has been carried out on linking. However, anal-
yses of a preliminary version of the Timebank Corpus, a collection of news doc-
uments annotated with TimeML at Brandeis University (NRRC 2004), reveal a
number of interesting aspects of annotator behavior. In this corpus there were
186 documents, with 8324 eventualities and 3404TLINK s, about 45 eventuali-
ties per document but only 18TLINK s per document. This means that less than
half the eventualities are being linked. Further, the vast majority (69%) of the
TLINK s are within-sentence links. Sentences in news texts are generally long
and complex, and many of these links involve an eventuality in a subordinate
clause being linked to another in some other clause. Similarly, links between
subordinate clauses of one sentence and a main clause of another are also found.

Overall, we expect that inter-annotator consistency is a hard-to-reach ideal as
far asTLINK s are concerned. However, the following steps can improve consis-
tency within and across annotators:

(1) Adding more annotation conventions. For example, it might be helpful
to have annotation conventions for dealing with links out ofsubordinate
clauses. Clearly, TimeML needs a certain level of training,more than
would be required forTIMEX2, so adding specific conventions can make
for tighter and more consistent annotation.

(2) Constraining the scope of annotation. The goal here is torestrict the num-
ber of decisions the human has to make. This could involve restricting the
types of events and states to be annotated, as well as the conditions under
which links should be annotated. Thus, efforts on a ‘TimeML Lite’ are
important.

(3) Expanding the annotation using temporal reasoning. Since temporal or-
dering and inclusion operators likebeforeand during are transitive and
symmetric, it is possible to expand two different annotations by closure
over transitive and symmetric relations, thereby increasing the possibility
of overlap. This also boosts the amount of training data for link detection.

(4) Using a heavily mixed-initiative approach. Here automatic tagging and
human validation go hand-in-hand, so that the annotator always starts from
a pre-existing annotation that steadily improves.

(5) Providing the user with visualization tools during annotation. This can
help them produce more densely connected graphs. This is borne out by
results with a graphical visualization tool calledTANGO (NRRC 2004)
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that we have helped develop for annotation. This in turn has led to more
complete annotations using temporal reasoning as above.

Figure 2 shows a sampleTANGO screen.

Figure 2:TANGO: A graphical tool for annotating links

The right-hand window shows a graphical annotation pallette, onto which events
and times from the pending window on the left can be moved. Thetop of the
pallete automatically sorts the times. The user can link events and other events
or times by drawing links, with pop-up menus being used to specify non-default
attributes. The system can auto-arrange the display, or rely on the user arrange-
ment. The Closure button applies temporal reasoning rules to expand the anno-
tation with additional links; such an expanded annotation is shown in the figure.
At any point, the annotation can be dumped inXML or scored against a reference
annotation.

9 Empirical constraints on temporal discourse

The availability of empirical data from experiments and corpora allow one to test
to a certain extent the theories of temporal ordering discussed earlier. The tests
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to date have mainly been on news. As Bell (1999) has pointed out, the temporal
structure of news is dictated by perceived news value ratherthan chronology.
Thus, the latest news is often presented first, instead of events being described in
narrative order. So, one would not expect the narrative convention to be strong.

This is borne out in the experiment of Mani & Schiffman (2004)cited above,
where it was found that the narrative convention applied only 47% of the time in
ordering events in 131 pairs of successive past-tense clauses. Interestingly, 75%
of clauses lack explicit time expressions, i.e., the ‘anchor time of most events is
left implicit, so that simply anchoring events to times explicitly associated with
them in the text will lead to extremely poorTLINK recall. Clearly, therefore,
document- and narrative-based inference could be crucial in automatic tagging.

In support of the ‘states overlap principle, the TimeBank data shows that the
overall percentage of links involving anoverlaprelation is 9% on the average,
but 21.8% when one or both eventualities are states, a significant increase.

10 Automatic TLINK tagging

Mani et al. (2003) address the problem of implicit times by using document-
level inference. Their algorithm computed a reference time(Reichenbach 1947,
Kamp & Reyle 1993:594) for the event in each finite clause, defined to be either
the time value of an explicit temporal expression mentionedin the clause, or,
when the explicit time expression is absent, an implicit time value inferred from
context, using a naive algorithm which is only 59% correct. Aset of 2069 clauses
from the North American News Corpus was annotated with event-time TLINK

information by a human (after correcting the reference times produced by the
above propagation algorithm), and then turned into featurevectors and used as
training data for various machine learning algorithms. A decision rule classifier
(C5.0 Rules) achieved significantly higher accuracy (.84 F-measure) compared
to other algorithms as well as the majority class, where the event is simultaneous
with the temporal anchor (most news events occur at the time of the explicit
or implicit temporal anchor). Next, the anchoring relations and sorting of the
times were used to construct a (partial) event ordering, which was evaluated by
a human for document-level event orderings. The machine achieved a .75 F-
measure in event ordering ofTLINK s.

In comparison, Mani & Wilson (2000) used a baseline method ofblindly
propagatingTIMEX2 time values to events based on proximity. On a small sam-
ple of 8,505 words of text, they obtained 394 correct event times in a sample of
663 verb occurrences, giving an accuracy of 59.4%. Filatova& Hovy (2000) ob-
tained 82% accuracy on ‘timestamping’ clauses for a single type of event/topic
on a data set of 172 clauses. However, fundamental differences between the three
evaluation methods preclude a formal comparison.

While the approach of Mani et al. (2003) is corpus-based, it suffers from
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several serious disadvantages, including lack of trainingdata, very few predictive
features, and rules which cover just a small number of examples. In addition, it
lacks an adequate representation of discourse context in the feature vector, except
for features that track shifts in tense and aspect. In future, to address this problem
successfully, one would need to carry out more annotation, improve machine
learning approaches, and try out a variety of other featuresmotivated by corpus
analysis.

11 Multilinguality

While the TimeML scheme in itself has been confined to English, there have been
several efforts aimed at temporal information extraction for other languages. In
terms of link extraction, Schilder & Habel (2000) report on asystem which takes
German texts and infers temporal relations from them, achieving 84% accuracy,
and Li et al. (2000) take Chinese texts, and using a number of somewhat complex
rules, achieves 93% accuracy on extracting temporal relations. However, these
approaches are few and far between, and are hard to compare.

The problem of time expression tagging, being simpler than link extraction,
has also been carried out on a number of languages. Research on time expression
resolution for meeting scheduling dialogs has addressed German (Alexandersson
et al. 1997, Busemann et al. 1997) as well as Spanish (Wiebe etal. 1998). The
latter Spanish dialogs (from the Enthusiast Corpus of Rose et al. (1995), col-
lected at CMU) have been translated into English and annotated with TIMEX2
tags by a bilingual annotator, based on tagging the English portion and adapting
it to the Spanish.There has also been some initial work on a Hindi tagger for the
TIDES Surprise Language experiment (TIMEX2 2004).

At Georgetown, we have also completed work onTIMEX2 tagging of Ko-
rean.We have annotated a corpus of 200 Korean news articles (from Hankook
and Chosun newspapers) withTIMEX2. The main difference, in comparison to
EnglishTIMEX2, is in terms of morphology. Korean has agglutinative morphol-
ogy, and this has implications for some of the rules for tag extent. For exam-
ple, English temporal annotation guidelines state that temporal prepositions like
“from” (as in “from 6 p.m.”) are not part of the extent. Since Korean instead
uses postpositions that are bound morphemes, we allow sub-word TIMEX2 tags
that exclude the postposition. Likewise, the English guidelines require vague
conjoined expressions like “three or four days”, to be annotated with two tags,
whereas “three or four” is a single word in Korean. Apart fromthis, however,
the annotation scheme carries over very well. Inter-annotator reliability of 2 an-
notators on 30 documents shows .89 F-measure for values and extent.

Several automatic taggers have been developed at Georgetown. The first,
KTX (TIMEX2 2004), is a memory-based tagger that uses a dictionary of tem-
poral expressions and their values derived automatically from a training corpus.
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Relative times in the test data are resolved using hand-created heuristics based
on offset length in the training data. KTX achieves a F-measure of .66 on tagging
extents and .86 F-measure for values on 200 documents. WhileKTX has Korean-
specific morphological knowledge, it doesn’t perform any prediction, being con-
fined to just memorizing instances seen before. Another tagger, TDL (Baldwin
2001), has been developed that performs a degree of generalization. In this ap-
proach, a time expression and itsTIMEX2 tag information form a training exam-
ple for learning the mappings between strings and the valuesof temporal attribute
variables. For example, a collection of similar date examples like “February 17,
2001”:20010217will generate a rule of the formPattern(?M; ?D; 
omma; ?Y )! V alue(Y ear(?Y );Month(?M); Day(?D)), with a confidence based on the
frequency of the pattern. TDL however lacks specific knowledge of Korean (or
any other language, though it makes assumptions about the maximum word
length of a time expression). TDL achieves .56 F-measure for extent and .83
F-measure for time values on 71 English documents.

Our experience with multilingual annotation suggests thattheTIMEX2 scheme
ports well to a variety of languages, and that a corpus-basedapproach with at
least some language-specificity to handle morphology is, sofar, the most cost-
effective.

12 Conclusions

Overall, temporal information extraction offers many opportunities to tie to-
gether natural language processing and inference based on formal reasoning.
The work reported here has made considerable progress due inpart to the twin
emphases of a corpus-based approach and evaluation. The strategy has been to
develop semantic representations that can be used for formal inference in support
of various practical tasks. These representations are motivated to some extent by
work in formal semantics and symbolic AI. Once the representations are for-
mally specified, the goal is then to automatically constructsuch representations
using corpus-based methods. A similar strategy can be takento advance the field
of spatial information extraction.

However, it should be borne in mind that annotating data withrelatively more
complex representations is expensive and difficult to carryout. As a result, the
emphasis shifts towards tools to help the human efficiently produce annotated
corpora. Some of these corpora and tools are available atNRRC (2004) and
TIMEX2 (2004).

At Georgetown, we are continuing to push ahead with temporalinformation
extraction (includingTLINK extraction) for different languages, including Chi-
nese. We have also developed a new approach to modeling discourse structure
from a temporal point of view, on which annotation will beginin due course.
Finally, we have started to apply this work to both summarization and question-
answering.
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Annotation-Based Finite State Processing
in a Large-Scale NLP Architecture

BRANIMIR K. BOGURAEV

IBM T.J. Watson Research Center

Abstract
There are well-articulated arguments promoting the deployment of finite-
state (FS) processing techninques for natural language processing (NLP)
application development. This paper adopts a point of view of design-
ing industrial strength NLP frameworks, where emerging notions include
a pipelined architecture, open-ended intercomponent communication, and
the adoption of linguistic annotations as fundamental analytic/descriptive
device. For such frameworks, certain issues arise — operational and nota-
tional — concerning the underlying data stream over which the FS machin-
ery operates. The paper reviews recent work on finite-state processing of
annotations and highlight some essential features required from a congenial
architecture for NLP aiming to be broadly applicable to, andconfigurable
for, an open-ended set of tasks.

1 Introduction

Recent years have seen a strong trend towards evolving a notion of robust and
scalable architectures for natural language processing (NLP). A quick browse
through, for instance, (Cunningham 2002, Ballim & Pallotta2002, Patrick &
Cunnigham 2003, Cunnigham & Scott 2004), shows a broad spectrum of engi-
neering issues identified within the NLP community as essential to successful
development and deployment of language technologies. Without going into any
detail, it is illustrative to list a representative sample of them.

With growing use ofXML as data modeling language and analysis inter-
change transport,uniform document modelingaddresses concerns of widely var-
iegated natural language text sources and formats; this includes, as we will see,
strategies for representing analysis results inXML too. For incremental develop-
ment and reusability of function,componentised architectureis becoming the
accepted norm. Overall system reconfigurability is facilitated bycomponent
inter-operability; components are managed either by integrating them within a
framework, or by exporting functionality packaged in atoolkit. Broad coverage,
typically requiring streamlined utilisation of background knowledge sources, is
achieved bytransparent access to resources, using common protocols.

Such principles of design, while beneficial to the overall goal of building
usable systems, pose certain constraints on system-internal data structures and
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object representation, and ultimately affect the algorithmic embodiment(s) of
the technologies encapsulated within.

A core characteristic of present day software architectures is that they all ap-
peal to a notion ofannotation-based representation, used to record, and transmit,
results of individual component analysis. (For consistency, and to reinforce the
uniformity of annotation-based representation, we will refer to such architectural
components as “annotators”.) A detailed description of general-purpose annota-
tion formats can be found in (Bird & Liberman 2001). Specific guidelines for a
linguistic annotation framework have recently been formulated by Ide & Romary
(Forthcoming); for a representative sample of architecture-level considerations,
and motivations, for adopting annotations as the fundamental representational
abstraction, see, for instance, (Grishman 1996), and more recently, (Cunning-
ham et al. 2002, Bunt & Romary 2002, Neff et al. Forthcoming).

The case for annotations has been made, repeatedly, and any of the publica-
tions cited above will supply the basic arguments, from an architectural point of
view. There are, however, additional arguments which derive from observing a
larger set of contexts in which NLP architectures have been put to use. Over-
all, these are characterised by situations where a particular technology needs
to be used well outside the environment where it was developed, possibly by
non-experts, maybe even not NLP specialists. Examples of such situations can
easily be found in large research laboratories, and in corporate environments
where technologies developed in the laboratories are incorporated in custom ‘so-
lutions’. Ferrucci & Lally (Forthcoming) describe an architecture for unstruc-
tured information management,which is largely informed byconsiderations of
smooth exchange of research results and emerging technologies in the NLP area.
Such an architecture would be deployed, and would require tobe configured,
within the organisation, not only by hundreds of researchers who will need to
understand, explore, and use each other’s results, but by non-specialists too.1 It
is in contexts like these that questions of uniformity, perspicuity, and generality
of the underlying representation format become particularly relevant.

Annotations — when adorned with an appropriate feature system (Cunning-
ham et al. 2002), and overlayed onto a graph structure (Bird &Liberman 2001)
— combine simplicity of conceptualisation of a set of linguistic analyses with
representational power (largely) adequate for capturing the intricacies of such
analyses. The question still remains, however, of providing a capability (within
the architecture) for exploring this space of analyses. As we will argue below,
finite-state (FS) matching and transduction over annotations provides such ca-
pability, together with flexibility and convenience of rapidly configuring custom1 A recent article inThe Economist(June 19th, 2003), “Is Big Blue the Next Big Thing?”, makes

a related point that ‘front-line’ users of emerging technologies — including NLP — are in-
formation technology specialists and consultants who would be working with customers on
developing solutions that incorporate these technologies.
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analysis engines which can use any, and all, analyses derived by a diverse set of
upstream annotators.

There are yet other considerations arising specifically from concerns of indu-
strial-strength NLP environments including, for instance: efficiency, both of the
prototyping process, and at run time; reconciling different I/O behaviour from
different, yet functionally identical, components; and ability to layer progres-
sively more complex linguistic analyses on top of simpler annotation mark-up.

Typically, and even more so recently, when efficiency is brought up as a con-
cern, the answer more often than not is “finite-state technology”. This is not
surprising, as many well-articulated arguments for finite-state processing tech-
niques focus largely on the formal properties of finite-state automata, and the
gains in speed, simplicity, and often size reduction when anFS device is used to
model a linguistic phenomenon (Karttunen et al. 1996, Kornai 1999). Much rests
on a particularly attractive property of FS automata, namely that after combining
them in a variety of ways, the result is guaranteed to be an FS automaton. The
combinations are described by regular expression patterns(van Noord & Gerde-
mann 2000, Beesley & Karttunen 2003), and the use of such patterns in NLP
is becoming thede factoabstraction for conceptualising (and using) finite-state
subsystems. This is reinforced by the clean separation of the algorithmic aspects
of FS execution (which are hidden from the user), and the purely declarative
statement(s) of configurational patterns which underlie a linguistic analysis.

In the same spirit of observing that “there is a certain mathematical beauty
to finite state calculus” (Beesley & Karttunen 2003), there is also beauty in the
ease and perspicuity of rule writing (especially if rules appeal to familiar regu-
lar expression notational conventions). If a rule-based system designed on top
of FS principles, were to target an annotations store, it would facilitate both the
exploration of analyses space and rapid configuration of ‘consumers’ of the anal-
yses inside an arbitrarily configured instance of an NLP architecture. It is this
observation alone that ultimately underpins the notion of finite-state processing
over arbitrary annotations streams. It is also the case, however, that manipulating
annotations within a finite-state framework offers transparent solutions to many
problems referred to above, like reconciling outputs from different annotators
and constructing, bottom-up and incrementally, elaboratelinguistic analyses.

These kinds of observations motivate the use of FS technology in a number
of contemporary NLP toolkits and architectures. The following sections discuss
a variety of situated frameworks which incorporate FS techniques.

2 Finite-state technology and annotations

Broadly speaking, FS technology can be embedded in an NLP architecture in
one of two ways. Conventionally, a functional component inside the architecture
would be built on top of a generic finite-state transduction (FST) toolkit. As an
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example, consider the function of a part-of-speech (POS) tagger, a fairly com-
mon tool in most text processing pipelines. Both (Roche & Schabes 1995) and
(Kempe 1997), for example, develop methods for modeling thetag disambigua-
tion task by means of a finite-state device. Tagging, of course, is not the only
function which can be realised through FS methods: see, for instance, (Pereira
& Wright 1997) for FS approximations to phrase structure grammars, or (Abney
1996) and (Ait-Mokhtar & Chanod 1997) for finite state approaches to syntax.

Such encapsulation of FS technology contributes very little, architecturally,
to a general purpose capability for manipulating annotations by means of FST.
The fact that an FS toolkit is used to implement a particular component function
does not necessarily make that toolkit naturally availableto all components in
the architecture. Of more interest to this discussion are the methods developed
for packaging an FS toolkit as a generic annotator inside of an NLP architecture,
a module which traffics in annotations and which can be configured to perform
annotation matching at any point of a pipeline.

The examples above are realised, ultimately, as character-based FST systems.
If these realisations were to be packaged for incorporationin an architectural
pipeline, certain transformations would need to be carriedout at the interfaces
between the overall data model — e.g., of a token/lemma/POS internal object
— and a character string encoding (later in this section we elaborate on general
strategies for, and shortcomings of, such mappings).

Furthermore, while finite-state operations are defined overan (unambiguous)
stream of input, conventionally characters, the set of annotations at any arbitrary
point of a processing pipeline is typically organised as a lattice, with multiple
ways of threading a passage through it. To the extent that an FS subsystem
explicitly employs a notation for specifying FS rules over annotations, such as
for instance that in (Wunsch 2003), the question of picking aparticular route
through the lattice is not addressed at all (we will return tothis in Section 3
below).

Cunningham et al. (2000) claim that notwithstanding the non-determinism
arising from such a traversal, “...this is not the bad news that it seems to be....”
Maybe so, but the reason is due to the fact that many grammars targeting certain
annotations configurations tend to be written to exploit a carefully designed sys-
tem of annotations which model relatively flat analyses. Thestatement will not
necessarily hold for grammars written to explore an annotations store, without
prior knowledge of which annotator deposited what in there.Also, in ‘tightly
designed’ systems annotations tend to be added, monotonically, on top of exist-
ing annotations, with longer spans neatly covering shorterones. When such a
configurational property holds, it is possible to design a grammar in a way which
will match against all annotations in the (implied) tree. This is, in fact, a crucial
assumption in systems like Abney’s (1996)CASS and SRI’sFASTUS (Hobbs et
al. 1997).
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Such an assumption, however, will not necessarily be true ofsystems where a
diverse set of annotators may populate the annotations store with partially over-
lapping and/or non-contiguous annotations. Note that a number of componen-
tised, distributed architectures used in diverse application environments (as the
ones discussed in Section 1) fall in that category.

Still, it is not uncommon to use a character-based FS toolkitto explore some
annotation spaces. In essence, the basic idea is first to flatten an annotation
sequence into a character string, ‘exporting’ relevant properties of the annota-
tions into the string image, and then run suitably configuredtransducers over
that string. Matching over an annotation of a certain type would be by means of
defining a ‘macro’, which is sensitive to the string characterisation of the rele-
vant annotation type (label) and property (or properties):thus, for example, test
for a POS tag of a token annotation could be realised as a regular expression
skipping over what are known to be the token characters and focusing instead
on the tag characters, identified by, say, some orthographicconvention (see be-
low). A successful match, when appropriate, would insert a pair of begin-end
markers bracketing the span, possibly adorned with a label to indicate a newly
created type. New types can be enriched with features, with values computed
during the composition of the subsumed types. Higher-levelabstractions can be
created then by writing rules sensitive to such phrase markers and labels. After
a sequence of transducers has run, the resulting string can be ‘parsed’ back into
the annotations store, to absorb the new annotations and their properties from the
markers, labels, and feature-values.

Without going into details, the following illustrates (assuming some rela-
tively straightforward regular grammars defining noun and verb group contours)
the result of a transduction which maps a string derived frompart-of-speech an-
notations over text tokens into a string with demarcated syntactic noun and verb
groups, with instantiated morphosyntactic properties.

"The/DT Russian/JJ-C-S executive/JJ-C-S branch/NN sees/ VB+3S an/DT
opportunity/NN to/TO show/VB+I Russia/NP ’s/POS relevanc e/NN"

"[NG:sng The/DT Russian/JJ-C-S executive/JJ-C-S branch/ NN NG]
[VG:+3S sees/VB+3S VG] [NG:sng an/DT opportunity/NN NG]
[VG:inf to/TO show/VB+I VG]
[NG:sng:poss Russia/NP ’s/POS relevance/NN NG]"

This kind of process builds upon ideas developed in (Grefenstette 1999)2 and
(Ait-Mokhtar & Chanod 1997), with the notion of special ‘markers’ to constrain
the area of match originally due to Kaplan & Kay (1994). Boguraev (2000) de-
velops the strategy for using the transduction capabilities of a character-based FS
toolkit (INTEX; Silberztein 1999) inside of a general-purpose NLP architecture
with an abstract data model, in mediating between an annotations store and a
character string.2 Grefenstette’s term for this is “light parsing as finite-state filtering.”
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A number of problems arise with this approach. Some affect adversely the per-
formance (which is an issue for successful deployment): character input/output
is massively inefficient, and (logical) match against a high-level constituent —
consider, in the above example, rules to match anNGor aVG— requires scanning
over long character sequences, with cumulative expense costs. Other problems
arise from cumbersome overheads: decisions need to be made concerning the
(sub-)set of features to export; extra care has to be taken inchoosing special
characters for markers3 which will be guaranteed not to match over the input;
custom code has to be written for parsing the output string and importing the
results into the annotations store, being especially sensitive to changes to its ini-
tial (pre-transduction) state; no modifications should be allowed to the character
buffer underlying the input text, as chances are thatall annotations in the system
are defined with respect to the original text.

Fundamentally, however, this approach breaks down in situations where the
annotations are organised in a lattice, as it requires committing to a particular
path in advance: once an annotation sequence has been mappedto a string,
traversal options disappear. Also, to the extent that ambiguity in the input is to
be expected, a mapping strategy like the one outlined above can handle category
ambiguity over the same input segment (such as part-of-speech ambiguities over
tokens), but not different partitioning of the input, with segments of different
length competing for a ‘match’ test at any point in the lattice traversal.

3 Pattern matching over annotations

The strategy for adapting a character-based FS framework toan annotations store
outlined in the previous section offers a way of ‘retro-fitting’ FS operations into
an annotations-based architecture. As we have seen, this does not meet the goal
of having an infrastructure which, by design, would treat structured annotations
as input ‘symbols’ to a finite-state calculus, and would be programmable to con-
trol the non-determinism arising from the lattice-like nature of an arbitrary an-
notations store.

A number of recent architectural designs incorporate a pattern matching com-
ponent directly over annotations. Typically, this operates as a rule-based sys-
tem, with rules’ left-hand-side (and, possibly, right-hand-side too; see 3.3 be-
low) specifying regular expressions over annotation sequences. The recognition
power of such systems is, therefore, no greater than regular.

Annotations are assumed to have internal structure, definedas clusters of
property-value pairs. (As we will see later, where special purpose notations are
developed to define annotation ‘symbols’ to a grammar rule, annotation struc-3 In contrast, consider Kaplan & Kay’s"<" and">" , which are truly special, as they are exter-

nal to the alphabet.
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tures tend to be flat, without embedding of lower level annotations as values to
properties of higher level ones.) Both annotations and properties can be manip-
ulated from the rules. Appealing to the formal notion of composition of FST’s,
patterns (or pattern grammars) can be phased into cascades.The underlying in-
terpretation engine can be instructed to operate in a variety of matching/control
regimes.

3.1 Finite-state cascades: Background

Organising grammars in sequences (cascades) for finite-state parsing is largely
associated with the work of Hobbs et al. (1997) and Abney (1996), but finite-
state methods were applied in this domain as early as 1958 (Joshi & Hopely).
Abney’sCASSdevelops a notation for regular expressions directly over syntactic
categories, specifically for the purpose of partial parsingby finite-state cascades;
his rewrite rules are thus defined in syntactic terms, and there is only a concep-
tual mapping between a grammar category and a linguistic annotation. CASS is
not an architecture for NLP, and it would be hard to argue thatthe notation would
generalise. TheFASTUS system, on the other hand, as developed by Hobbs et al.
is closer to the focus of this paper: theTIPSTER framework motivated one of
the earlier definitions of annotations-based substrate of an NLP architecture (Gr-
ishman 1996), and within that framework, the insights gained from developing
and configuringFASTUS were incorporated in the design of a Common Pattern
Specification Language (CPSL; Cowie & Appelt 1998).

CPSL evolved as a pattern language over annotations, and does notfully map
onto a functionally complete finite-state toolkit. In particular, there is the ques-
tion whether the formalism is declarative: the language allows for function in-
vocationwhile matching. Also, the provisions for specifying context as pre-
and post-fix constraints, coupled with the way in which rulesets are associated
with grammar ‘phases’ (a ruleset for phase is considered as asingle disjunctive
operation), suggests that there is no compilation of a single automaton for the
entire ruleset. Furthermore, there is no notion oftransduction, as an intrinsic
FS operation; instead, similar effect is achieved by binding matched annotations,
on the left hand side (LHS), and using the bound annotations on the right hand
side (RHS).4 However, the decoupling of binding from subsequent use, andthe
non-declarative nature of rules, additionally compoundedby some syntactic am-
biguity in the notation, introduces semantic problems for caching annotations.

Altogether,CPSL is tailored to the task of matching over linear sequences
of annotations (as opposed to exploring tree-shaped annotation structures) and
layering progressively more structured annotations over simpler ones; even so,
there are limits to the complexity (or expressiveness) of the system: annotations
cannot be values to other annotations’ attributes.4 CPSLdoes not provide a facility for deleting annotations either.
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For a while,CPSL was widely available5, thus promoting the idea of finite-state
operations over annotations with some internal structure,without having to ‘bolt’
such operations on top of popular character-based FST toolkits. For some inter-
esting extensions toCPSLsee, for instance, theBRIEFSproject (Seitsonen 2001):
where regular expression matching over tokens is added to the language (useful
if the architecture does not support tokenisation), wild carding over category/
annotation attributes is supported, and most importantly,the need for matching
over tree shapes is motivated, and defined (even if in somewhat rudimentary
form) as an operation within the notation.

3.2 Matching over annotations mark-up

A recent trend in NLP data creation and exchange — the use of explicit XML

markup to annotate text documents — offers a novel perspective on structured
annotation matching by finite-state methods.XML naturally traffics in tree struc-
tures, which can be viewed as explicit representations of text annotations layered
on top of each other. To the extent that a system can be assumednot to require
partially overlapping, or stand-off, annotations, it is possible to make use ofXML

(with its requisite supporting technology, including e.g., schemas, parsers, trans-
formations, and so forth) to emulate most of the functions ofan annotations
store. In such an approach, annotation properties are encoded via attributes; the
tree configuration also supports an encoding whereby annotations can be, in ef-
fect, viewed as properties of other (higher level) annotations. It is not too hard
then to conceive of a combination of some finite-state machinery, tailored to an-
notations, with a mechanism for traversing theXML tree as enabling technologies
for flexible matching over annotation sequences — and, indeed, tree shapes —
in an annotations store.

This is the insight underlying the work of Grover et al. (2000) and Simov
et al. (2002). In essence, the notion is to develop a framework for defining and
applying cascades of regular transducer grammars overXML documents. The
components of such a framework are anXML parser, a regular grammar inter-
preter, a mechanism for cascading grammars, a set of conventions of how to
define and interpret an input stream for a particular grammarin a cascade, and a
way of traversing the document tree so as to identify and focus on the next item
in that stream.

Grover et al.’s approach emphasises the utility of a generalpurpose trans-
ducer,fsgmatch , for analysis and transformations overXML documents.fsg-
match uses a grammar notation defined to operate overXML elements, viewing
them both as atomic objects (manipulated as annotation configurations) and as
strings (as targets to regular expression matches). The notation further incorpo-
rates primitives for identifying elements of interest, at aspecific level and posi-5 Courtesy of Doug Appelt:http://www.ai.sri.com/ �appelt/TextPro/
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tion in theXML tree, and for specifying how a newXML markup element — in
effect, a new annotation — is to be created from the components of a successful
match. fsgmatch is embedded, with other tools, inside of a toolkit for en-
coding and manipulating annotations asXML markup over documents; the tools
operate overXML files, and are combined in a pipeline. One particular rendering
of such a pipeline can be viewed as a cascade of regular grammars. A core part
of the toolkit is a query language which mediates, external to any tool, the target
element/sub-tree which constrains the grammar application.

Even if somewhat rudimentary in this particular approach, the introduction
of such a query language in an annotations-matching framework marks an im-
portant extension of the notion of FS processing over annotations: in addition
to allowing querying of left/right context for a rule (via a mechanism of ‘con-
straints’), rules can also be made sensitive to (some of the)‘upper’ context of the
element of interest (by targeting a grammar to a subset of allpossible sub-trees
in theXML document).

Simov et al.’sCLaRK system facilitates corpus and processing, similarly start-
ing from the position that linguistic annotations are to be represented by means
of XML markup. Likefsgmatch , the regular grammars inCLaRK operate over
XML elements and tokens; unlikefsgmatch , CLaRK offers a tighter integration
of its FS operations. This is manifested in the uniform management of hierar-
chies of token (and element) types, and in the enhancement ofthe underlying
finite-state engine for regular grammar application and interpretation, with na-
tive facilities for composing grammars in a cascade and for navigating to the
element(s) of interest to any particular grammar (rule).CLaRK’s insight is to
useXPath — a language for finding elements in anXML tree — as the mech-
anism both for specifying an annotation of interest to the current match, and
for mapping that into an arbitrarily detailed projection ofthat annotation and its
properties: a projection which can take the form of one or more character string
sequences.

Still, this kind of mapping is established outside of the grammar; in order
to specify a rule correctly, one needs to have detailed graspof XPath to be able
to appreciate the exact shape of the element and value streamsubmitted to the
grammar. Furthermore, since the input stream to a rule is nowa sequence of
strings, a grammar rule is far from perspicuous in conceptualising the precise
nature of the match over the underlying annotation.

And that, fundamentally, is the problem with matching over annotations rep-
resented byXML : at its core, the operation is over strings, and similarly tothe
approach described in Section 2, it requires making explicit, in a string form, a
particular configuration and contents of annotations arising in a document pro-
cessing pipeline at any moment of time. In addition to opaquenotational conven-
tions, this calls for repeatedXML parsing, which may turn out to be prohibitively
expensive in large scale, production-level NLP architectures. And even if the
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XML -related processing overheads were to be put aside, the factthat only non-
overlapping, strictly hierarchical, and in-line annotations can be rendered for
matching is limiting in itself.

3.3 Matching over structured annotations

A different class of systems, therefore, explicitly address the issues of overlay-
ing finite-state processing technology on top of structuredannotations which are
‘first-class citzens’ in their respective architecture environments. The best known
of these isGATE’s JAPE (Java Annotation Patterns Engine; Cunningham et al.
2000). Derivative ofCPSL, JAPEnonetheless stands in a class of its own: primar-
ily because the architecture it is embedded in promotes — in asystematic and
principled way — the notion of annotations as structured objects (Cunningham
et al. 2002). LikeCPSL, JAPEhas notions like matching over linear sequences of
annotations, where annotations are largely isomorphic to abroadly accepted for-
mat6 (Bird et al. 2000); manipulating annotations by means of named bindings
on the LHS of rules; and querying of left/right context. Beyond CPSL’s core set
of facilities,JAPE tightens up some ambiguitites in the earlier notation specifica-
tion, provides utilities for grammar partitioning and ruleprioritising, allows for
specification of different matching regimes, and encourages factoring of patterns
by means of macros.

JAPE acknowledges the inherent conflict between the descriptivepower of
regular expressions and the larger complexity of an annotations lattice; this is
characteristically reconciled by separating RHS activation from LHS applica-
tion,7 and by assuming that components ‘upstream’ ofJAPE will have deposited
annotations so that the lattice would behave like a flat sequence. As already
discussed (Section 1), such an assumption would not necessarily hold in large-
scale architectures where arbitrary number of annotators may deposit conflict-
ing/partially overlapping spans in the annotations store.To a large extent,JAPE’s
infrastructure (e.g., the mechanisms for setting priorities on rules, and defining
different matching regimes) is intended to minimise this problem. Additionally,
the ability to execute arbitrary (Java) code on the RHS is intended to provide
flexible and direct access to annotations structure: operations like attribute per-
colation among annotations, alternative actions conditioned upon feature values,
and deletion of ‘scratch’ annotations are cited in support of this feature. These
are clearly necessary operations, but there are strong arguments to be made (see,
for instance, the discussion ofCPSL earlier in this section, 3.2) against dispens-6 Annotation components include a type, a pair of pointers to positions inside of the document

content, and a set of attribute-value pairs, encoding linguistic information. InGATE, attributes
can be strings, values can be any Java object.7 While maintaining recognition power to not beyond regular,this characterisesJAPE as a
pattern-action engine, rather than finite-state transduction technology.
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ing with the declarative nature of a formalism, especially if the formalism can be
naturally extended to accomodate them ‘natively’ (see Section 4 below).

A particularly effective mix of finite-state technology andcomplex annota-
tion representations is illustrated by DFKI’sSPPCsystem (Shallow Processing
Production Center; Neumann & Piskorski 2000, 2002). It treats annotations
with arbitrarily deep structures as input ‘atoms’ to a finite-state toolkit, derived
from a generalisation of weighted finite-state automata (WFSA) and transducers
(WFST; Mohri 1997). The toolkit functionality (Piskorski 2002) has been ex-
panded to include operations of particular relevance to therealisation of certain
text processing functions as finite-state machines, such as, for instance, Roche &
Schabes’ (1995) algorithm for local extension, essential for Brill-style determin-
istic finite-state tagging.

The breadth of the toolkit allows principled implementation of component
functions in a text processing chain:SPPC’s tokeniser, for instance, defers to
a token classifier realised as a single WFSA, itself derived from the union of
WFSA’s for many token types. By appealing directly to library functions export-
ing the toolkit functionality, the tokeniser produces a list of token objects: triples
encapsulating token start/end positions and its type.

SPPC encapsulates acascade of FSA’s/FST’s, whose goal is to construct a
hierarchical structure over the words in a sentence. The FS cascade naturally
maps onto levels of linguistic processing: tokenisation, lexical lookup, part-of-
speech-tagging, named entity extraction, phrasal analysis, clause analysis. The
automata expect a list of annotation-like objects — such as the token triples — as
input, and are defined to produce a list of annotation-like objects as output. The
granularity and detail of representation at different levels are, however, different:
the lexical processor, for instance, overlays a list of lexical items on top of the
token list, where a lexical item (annotation) is a tuple withreferences to its initial
and final token objects.

Thus, each cascade level is configured for scanning different lists, and em-
ploys predicates (on its automata transition arcs) specificto each level. The
hierarchical structure constructed over the sentence words is maintained explic-
itly by means of references and pointers among the differentlevel lists. In fact,
Neumann & Piskorki (2002) describeSPPCas operating over a complex data
structure calledtext chart, and only upon abstracting away fromSPPC’s details it
is possible to imagine this structure being conceptually equivalent to an annota-
tions store. It is important to realise, however, thatSPPCis not a text processing
architecture, with uniform concept of annotations and annotation abstractions
specified on arcs of FS automata. Instead,SPPCis an application, configured for
a particular sequence of text processing components with a specific goal in mind,
and whose custom data structure(s) are exposed to an FST toolkit by appropri-
ately interfacing to its library functions. In other words,while SPPCdemonstrates
the elegance inherent to manipulating annotations by meansof FS operations,
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at the same time it falls short of encapsulating this in a framework which, by
appealing to an annotations-centric notation would enablethe configuration of
arbitrary cascades over arbitrary annotation types.

Similar shortcoming can be observed of a recent system, alsocustom-tailored
for a class of information extraction applications (Srihari et al. 2003). LikeSPPC,
InfoXtract maintains its own custom data structure, atoken list, which in reality
incorporates a sequence of tree structures over which a graph is overlaid for the
purposes of relational information. There is clearly an interpretation of the token
list as an annotations store (ignoring, for the moment, the relation encoding). For
the purposes of traversing this data structure, a special formalism is developed,
which mixes regular with boolean expressions. The notion isnot only to be able
to specify ‘transductions’ over token list elements, but also to have finer control
over how to traverse a sequence of tree elements. This is whatsetsInfoXtract
apart: grammars in its formalism are compiled totree walking automata, with
the notation providing, in addition to test/match instructions, direction-taking
instructions as well.

Certain observations apply to the approaches discussed in this section. Not
all configurations of annotations can be represented as hierachical arrangements:
consequently, the range of annotation sequences that can besubmitted to an FS
device is limited. Attempts for more complex abstractions typically require ad-
hoc code to meet the needs for manipulating annotations and their properties;
even so, there are certain limitations to the depth of property specification on an-
notations. This leads to somewhat simplistic encapsulating of an ‘annotation’ ab-
straction, which even if capable of carrying the representational load of a tightly
coupled system, may be inadequate for supporting co-existing — and possibly
conflicting — annotations-based analyses from a multitude of ‘third party’ an-
notators. While most systems cater for left/right context inspection, examination
of higher and/or lower context is, typically, not possible.In general, there is no
notion of support for directing a scanner in choosing a path through the annota-
tions lattice (apart from, perhaps, extra-grammatical means for choosing among
alternative matching regimes).

4 A design for annotations-based FS matching

A particular design described here seeks to borrow from a combination of ap-
proaches outlined in the previous section; the design is, however, driven by the
requirements of robust, scalable NLP architecture (as presented in Section1), and
described in (Neff et al. Forthcoming). Briefly, the TALENT system (Text Anal-
ysis and Language ENgineering Tools) is a componentised architecture, with
processing modules (annotators) organised in a (reconfigurable) pipeline. An-
notators communicate with each other only indirectly, by means of annotations
posted to, and read from, an annotation repository. In orderto strictly maintain
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this controlled mode of interaction between annotators, the document character
buffer logically ‘disappears’ from an annotator’s point ofview. This strongly
mandates that FS operations be defined over annotations and their properties.

Annotations encapsulate, in effect, data modeled as a typedfeature sys-
tem.Types are partitioned into families, broadly corresponding to different (log-
ical) levels of processing: tag (e.g.,HTML or XML ) markup, document structure,
lexical (tokens or multi-words), semantic (e.g., ontological categories), syntactic,
and discourse. Features vary according to type, and the system supports dynamic
creation of new types and features.

Any configuration of annotations over a particular text fragment is allowed,
apart from having multiple annotations of the same type overthe same span of
text. Annotations of different types can be co-terminous, thanks to a priority sys-
tem which makes nesting explicit, and thus facilitates encoding of tree structures
(where appropriate).

A uniform mechanism for traversing the annotation repository is provided
by means of custom iterators with a broad set of methods for moving forward
and backward, from any given position in the text, with respect to a range of
ordering functions over the annotations (in particular, start or end location, and
priority). In addition, iterators can be ‘filtered’ by family, type, and location. As
a result, it is possible to specify, programmatically, precisely how the annotations
lattice should be traversed. This underlies one of the distinguishing features of
our FST design: rather than rely exclusively (as, for instance, JAPE does) on
specifying different control regimes in order to pick alternative paths through a
lattice, we provide, inside of the FS formalism, notationalconventions for di-
recting the underlying scan (which exploit the iterators just described). This is
similar to InfoXtract’s notion of directive control, but broadly defined in terms of
annotation configurations, uncommited to e.g., a tree structure.

Finite-state matching, as a system-level capability, is provided by packag-
ing FS operations within a (meta-)annotator: TALENT’s FS transducer (hence-
forth TFST) encapsulates matching and transduction capabilities andmakes these
available for independent development of grammar-based linguistic filters and
processors.TFST is configurable entirely by means of external grammars, and
naturally allows grammar composition into sequential cascades. Unlike other
annotators, it may be invoked more than once. Communicationbetween differ-
ent grammars within a cascade, as well as with the rest of the system (including
possible subsequentTFST invocations) is entirely by means of annotations; thus,
in comparison to mapping annotations to strings (cf. Sections 2 and 3 above),
there are no limitations to what annotation configurations could be inspected by
an FS processor.

An industrial strength NLP architecture needs to identify separate compo-
nents of its overall data model: in TALENT, annotations are complemented by
e.g., a lexical cache, shared resources, ontological system of semantic categories,
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and so forth; see (Neff et al. Forthcoming). In order for the grammar writer to
have uniform access to these, the notation supports the writing of grammars with
reference to all of the underlying data model.

Trying to keep up with the breadth of data types comprising a complex data
model makes for increasingly cumbersome notational conventions. Indeed, it
is such complexities — aiming to allow for manipulating annotations and their
properties — that can be observed at the root of the design decisions of systems
discussed in Section 3. The challenge is to provide for all ofthat, without e.g.,
allowing for code fragments on the right-hand side of the rules (asGATE does),
or appealing to ‘back-door’ library functions from an FST toolkit (as SPPCal-
lows). Both problems, that of assuming that grammar writerswould be familiar
with the complete type system employed by all ‘upstream’ (and possibly third
party) annotators, and that of exposing to them API’s to an annotations store have
already been discussed already.

Consequently, we make use of an abstraction layer between anannotation
representation (as it is implemented, in the annotation repository) and a set of
annotation property specifications which relate individual annotator capabilities
to granularity of analysis. Matching against an annotation— within any family,
and of any particular type — possibly further constrained byattributes specific
to that type, becomes an atomic transition within a finite state device. We have
developed a notation for FS operations, which appeals to thesystem-wide set of
annotation families, with their property attributes. At any point in the annota-
tions lattice, posted by annotators prior to theTFST plugin, the symbol for cur-
rent match specifies the annotation type (with its full complement of attributes)
to be picked from the lattice and considered by the match operator. Run-time
behaviour of this operator is determined by a symbol compiler which uses the
type system and the complete range of annotation iterators (as described above)
to construct, dynamically (see below), the sequence of annotations defined by the
current grammar as a particular traversal of the annotations lattice, and to apply
to each annotation in that sequence the appropriate (also dynamically defined)
set of tests for the specified configuration of annotation attributes.

Within the notation, it is also possible to express ‘transduction’ operations
over annotations — such as create new ones, remove existing ones, modify and/
or add properties, and so forth — as primitive operations. Bydefining such
primitives, by conditioning them upon variable setting andtesting, and by al-
lowing annotations for successful matches to be bound to variables, arbitrary
manipulation of features and values (including feature percolation and embed-
ded references to annotation types as feature values) are made possible. (This,
in its own right, completely removes the need for e.g., allowing code fragments
on the RHS of grammar rules.) Full details concerning notation specifics can be
found in (Boguraev & Neff 2003).

The uniform way of specifying annotation types on transitions of an FST
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graph hides from the grammar writer the system-wide design features separat-
ing the annotation repository from other components of the data model. For
instance, access to lexical resources with morpho-syntactic information, or to
external repositories like lexical databases or gazetteers, appears to the grammar
writer as querying an annotation with morpho-syntactic properties and attribute
values, or looking for an annotation defined in terms of a semantic ontology.
Similarly, a rule can update an external resource by using notational devices
identical to those for posting annotations.

The freedom to define, and post, new annotation types ‘on the fly’ places
certain requirements on the FST subsystem. In particular, it is necessary to in-
fer how new annotations and their attributes fit into an already instantiated data
model. TheTFST annotator therefore incorporates logic which, during initialisa-
tion, scans an FST file (generated by an FST compiler typically running in the
background), and determines — by deferring to the symbol compiler — what
new annotation types and attribute features need to be dynamically configured
and incrementally added to the model.

As discussed earlier, the implementation of a mechanism forpicking a par-
ticular path through the annotations lattice over which anygiven rule should be
applied — an essential component of an annotation-based regime of FS matching
— is made possible through the system of iterators describedabove. Within such
a framework, it is relatively straightforward to specify grammars, for instance,
some of which would inspect raw tokens, others would abstract over vocabulary
items (some of which would cover multiple tokens), yet others might traffic in
constituent phrasal units (with an additional constrain over phrase type) or/and
document structure elements (such as section titles, sentences, and so forth).

For grammars which examine uniform annotation types, it is possible to in-
fer, and construct (for the run-time FS interpreter), an iterator over such a type (in
this example, as is the default, sentences). It is also possible to further focus the
matching operations so that a grammar only inspects inside of certain ‘bound-
ary’ annotations. The formalism is thus capable of fine-grained specification of
higher and/or lower context, in addition to left/right context — an essential com-
ponent of lattice traversal. In general, expressive and powerful FS grammars
may be written which inspect, at different — or even the same —point of the
analysis annotations of different types. In this case it is essential that the ap-
propriate iterators get constructed, and composed, so thata felicitous annotation
stream gets submitted to the run-time for inspection; TALENT deploys a special
dual-level iterator designed expressly for this purpose.

Additional features of theTFST subsystem allow for seamless integration
of character-based regular expression matching (not limited to tokens, and uni-
formly targeting the ‘covered string’ under any annotation), morpho-syntactic
abstraction from the underlying lexicon representation and part-of-speech tagset
(allowing for transparent change in tagsets and tagger/models), and composition
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of complex attribute specification from simple feature tests (such as negation
and conjunction). Overall, such features allow for the easyspecification, via the
grammar rules, of a variety of matching regimes which can transparently query
the results of upstream annotators of which only the externally published capa-
bilities are known.

5 Conclusion

The TALENT TFST system described in the previous section has been imple-
mented in a framework with a fixed number of annotation families. While sim-
plifying the task of the symbol compiler, this has complicated the design of a
notation where transduction rules need to specify just the right combination of
annotation family, type, and properties.

In order to be truly compliant with notions like declarativerepresentation of
linguistic information, representational transparencies with respect to different
components of a data model, and ability to support arbitrarylevels of granularity
of a set of analyses (which might have both potentially incompatible, and/or mu-
tually dependent, attribute sets), our framework has recently adopted a system
of typed feature structure-based (TFS) annotation types (Ferrucci & Lally Forth-
coming). A redesign of the formalism, to support FS calculusover TFS’s, brings
us close to the definition of “annotation transducers”, introduced by Wunsch
(2003), where matching operations are defined over feature-based annotation de-
scriptions and the match criterion is subsumption among feature structures. This
is, is itself, derivative of theSProUT system (Drożdżyński et al. 2004).SProUT

openly adopts full-blown TFS’s to replace regular expressions’ atomic symbols,
with the matching operation itself defined as unifiability ofTFS’s. Feature struc-
ture expressions are also used to specify the shape and content of the result of
a transduction operation which is creating, conceptually,a new annotation type,
constructed by unification with respect to a type hierarchy.

The design ofTFST has benefited greatly from the research described in the
first two sections of this paper. Extending this, we bring together the advantages
of a flexible, principled, rich and open-ended representation of annotations with
novel mechanisms for traversing an annotations lattice andderiving an annota-
tion stream to be submitted to an FS device. On the descriptive side, this makes
it possible to develop grammars capable of examining and transforming any
configuration of annotations in an annotations store created under real, possibly
noisy circumstances, by potentially conflicting annotators. On the engineering
side, the benefits of TFS-based representations underlyingnon-deterministic FS
automata with unification — in particular, their compilability into super-efficient
execution devices — have already been demonstrated: see, for instance, Brawer
1998, who reports matching speeds of up to 21 million tokens per second.
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Acquiring Lexical Paraphrases from a Single Corpus

OREN GLICKMAN & I DO DAGAN

Bar Ilan University

Abstract
This paper studies the potential of extracting lexical paraphrases from a
single corpus, focusing on the extraction of verb paraphrases. Most previ-
ous approaches detect individual paraphrase instances within a pair (or set)
of comparable corpora, each of them containing roughly the same informa-
tion, and rely on the substantial level of correspondence ofsuch corpora.
We present a novel method that successfully detects isolated paraphrase
instances within a single corpus without relying on any a-priori structure
and information.

1 Introduction

The importance of paraphrases has been recently receiving growing attention.
Broadly speaking, paraphrases capture core aspects of variability in language, by
representing (possibly partial) equivalencies between different expressions that
correspond to the same meaning. Representing and tracking language variabil-
ity is critical for many applications (Jacquemin 1999). Forexample, a question
might use certain words and expressions while the answer, tobe found in a cor-
pus, might include paraphrases of the same expressions (Hermjakob et al. 2002).
Another example is multi-document summarization (Barzilay et al. 1999). In this
case, the system has to deduce that different expressions found in several docu-
ments express the same meaning; hence only one of them shouldbe included in
the final summary.

Recently, several works addressed the task of acquiring paraphrases (semi-)
automatically from corpora. Most attempts were based on identifying corre-
sponding sentences in parallel or ‘comparable’ corpora, where each corpus is
known to include texts that largely correspond to texts in another corpus (see
next section). The major types of comparable corpora are different translations
of the same text, and multiple news sources that overlap largely in the stories
that they cover. Typically, such methods first identify pairs (or sets) of larger
contexts that correspond to each other, such as corresponding documents, by
using clustering or similarity measuresat the document level, and by utilizing ex-
ternal information such as requiring that corresponding documents will be from
the same date. Then, within the corresponding contexts, thealgorithm detects
individual pairs (or sets) of sentences that largely overlap in their content and are
thus assumed to describe the same fact or event.
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Lin & Pantel (2001) propose a different approach for extracting ‘inference rules’,
which largely correspond to paraphrase patterns. Their method extracts such
paraphrases from a single corpus rather than from a comparable set of corpora. It
is based on vector-based similarity (Lin 1998), which compares typical contexts
in a global manner rather than identifying all actual paraphrase instances that
describe the same fact or event.

The goal of our research is to explore further the potential of learning para-
phrases within a single corpus. Clearly, requiring a pair (or set) of comparable
corpora is a disadvantage, since such corpora do not exist for all domains, and are
substantially harder to assemble. On the other hand, the approach of detecting
actual paraphrase instances seems to have high potential for extracting reliable
paraphrase patterns. We therefore developed a method that detects concrete para-
phrase instances within a single corpus. Such paraphrase instances can be found
since a coherent domain corpus is likely to include repeatedreferences to the
same concrete facts or events, even though they might be found within generally
different stories. The first version of our algorithm was restricted to identify lex-
ical paraphrases of verbs, in order to study whether the approach as a whole is
at all feasible. The challenge addressed by our algorithm isto identify isolated
paraphrase instances that describe thesamefact within a single corpus. Such
paraphrase instances need to be distinguished from instances of distinct facts
that are described in similar terms. These goals are achieved through a combi-
nation of statistical and linguistic filters and a probabilistically motivated para-
phrase likelihood measure. We found that the algorithmic computation needed
for detecting such local paraphrase instances across a single corpus should be
quite different than previous methods developed for comparable corpora, which
largely relied on a-priori knowledge about the correspondence between the dif-
ferent stories from which the paraphrase instances are extracted.

We have further compared our method to the vector-based approach of (Lin
& Pantel 2001). The precision of the two methods on common verbs was compa-
rable, but they exhibit some different behaviors. In particular, our instance-based
approach seems to help assessing the reliability of candidate paraphrases, which
is more difficult to assess by global similarity measures such as the measure of
Lin and Pantel.

2 Background and related work

The importance of modeling semantic variability has been recently receiving
growing attention. Dagan & Glickman (2004) propose a generic framework for
modeling textual entailment that recognizes language variability at a shallow
semantic level and relies on a knowledge base of paraphrase patterns. Conse-
quently, acquisition of such paraphrase patterns is of great significance. Lexical
resources such as WordNet are commonly utilized, however they tend to be too
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broad and do not contain the necessary domain vocabulary. Similarity-based
lexical approaches (Lin 1998) are also inappropriate for semantic entailment for
they do not capture equivalence and entailment of meaning but rather broader
meaning similarity. Several works addressed the task of automatically acquiring
paraphrase patterns from corpora. (Barzilay & McKeown 2001) use sentence
alignment to identify paraphrases from a corpus of multipleEnglish translations
of the same text. (Pang et al. 2003) also use a parallel corpusof Chinese-English
translations to build finite state automata for paraphrase patterns, based on syn-
tactic alignment of corresponding sentences. (Shinyama etal. 2002) learn struc-
tural paraphrase templates for Information extraction from a comparable corpus
of news articles from different news sources over a common period of time.
Similar news article pairs from the different news sources are identified based
on document similarity. Sentence pairs are then identified based on the overlap
of Named Entities in the matching sentences. (Barzilay and Lee 2003) also uti-
lizes a comparable corpus of news articles to learn paraphrase patterns, which
are represented by word lattice pairs. Patterns originating from the same day but
from different newswire agencies are matched based on entity overlap. We com-
pare our results to those of the algorithm by (Lin & Pantel 2001), which extracts
paraphrase-like inference rules for question answering from a single source cor-
pus. The underlying assumption in their work is that paths independency trees
that connect similar syntactic arguments (slots) are closein meaning. Rather
then considering a single feature vector that originates from the arguments in
both slots, vector-based similarity was computed separately for each slot. The
similarity of a pair of binary paths was defined as the geometric mean of the
similarity values that were computed for each of the two slots.

3 Algorithm

Our proposed algorithm identifies candidates of corresponding verb paraphrases
within pairs of sentences. We define averb instance pairas a pair of occurrences
of two distinct verbs in the corpus. Averb type pairis a pair of verbs detected
as a candidate lexical paraphrase.

3.1 Preprocessing and representation

Our algorithm relies on a syntactic parser to identify the syntactic structure of the
corpus sentences, and to identify verb instances. We treat the corpus uniformly
as a set of distinct sentences, regardless of the document orparagraph they be-
long to. For each verb instance we extract the various syntactic components that
are related directly to the verb in the parse tree. For each such component we
extract its lemmatized head, which is possibly extended to capture a semantically
specified constituent. We extended the heads with any lexical modifiers that con-
stitute a multi-word term, noun-noun modifiers, numbers andprepositional ‘of’
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subject secretarygeneralboutrosboutrosghali
object implementationof deal
modifier after

subject iraqiforce
object kurdishrebel
pp-on august31

(A) verb: delay (B) verb: attack

Figure 1:Extracted verb instances for sentence “But U.N. Secretary-General
Boutros Boutros-Ghali delayed implementation of the deal after Iraqi forces

attacked Kurdish rebels on August 31.”

complements. Verb instances are represented by the vector of syntactic modi-
fiers and their lemmatized fillers. For illustration, Figure1 shows an example
sentence and the vector representations for its two verb instances.

3.2 Identifying candidate verb instance pairs (filtering)

We apply various filters in order to verify that two verb instances are likely to be
paraphrases describing the same event. This is an essentialpart of the algorithm
since we do not rely on the high a-priori likelihood for finding paraphrases in
matching parts of comparable corpora.

We first limit our scope to pairs of verb instances that share acommon (ex-
tended) subject and object which are not pronouns. Otherwise, if either the sub-
ject or object differ between the two verbs then they are not likely to refer to the
same event in a manner that allows substituting one verb withthe other. Addi-
tionally, we are interested in identifying sentence pairs with a significant overall
term overlap, which further increases paraphrase likelihood for the same event.
This is achieved with a standard (Information Retrieval style) vector-based ap-
proach, with tf-idf term weighting� tf(w) = freq(w) in sentence� idf(w) = log(N=freq(w) in corpus) whereN is the total number of to-

kens in the corpus.
Sentence overlap is measured simply as the dot product of thetwo vectors. We
intentionally disregard any normalization factor (such asin the cosine measure)
in order to assess the absolute degree of overlap, while allowing longer sentences
to include also non-matching parts that might correspond tocomplementary as-
pects of the same event. Verb instance pairs whose sentence overlap is below a
specified threshold are filtered out.

An additional assumption is that events have a unique propositional repre-
sentation and hence verb instances with contradicting vectors are not likely to
describe the same event. We therefore filter verb instance pairs with contra-
dicting propositional information - a common syntactic relation with different
arguments. As an example, the sentence “Iraqi forces captured Kurdish rebels
on August 29.” Has a contradicting ‘on’ preposition argument with the sentence
from Figure 1(B) (“August 29” vs. “August 31”).
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3.3 Computing paraphrase score of verb instance pairs

Given a verb instance pair (after filtering), we want to estimate the likelihood
that the two verb instances are paraphrases of the same fact or event. We thus
assign a paraphrase likelihood score for a given verb instance pairIv1; v2, which
corresponds to instances of the verb typesv1 andv2 with overlapping syntactic
componentsp1; p2; : : : ; pn. The score corresponds (inversely) to the estimated
probability that such overlap had occurred by chance in the entire corpus, captur-
ing the view that a low overlap probability (i.e., low probability that the overlap
is due to chance) correlates with paraphrase likelihood. Weestimate the over-
lap probability by assuming independence of the verb and each of its syntactic
components as follows:P(Iv1;v2) = P(overlap) = P(v1; p1; : : : ; pn) P(v2; p1; : : : ; pn)= P(v1) P(v2) nYi=1 P(pi)2 (1)

Where the probabilities were calculated using Maximum Likelihood estimates
based on the verb and argument frequencies in the corpus.

3.4 Computing paraphrase score for verb type pairs

When computing the score for a verb type pair we would like to accumulate the
evidence from its corresponding verb instance pairs. Following the vein of the
previous section we try to estimate the joint probability that these different in-
stance pairs occurred by chance. Assuming instance independence, we would
like to multiply the overlap probabilities obtained for allinstances. We have
found, though, that verb instance pairs whose two verbs share the same subject
and object are far from being independent (there is a higher likelihood to obtain
additional instances with the same subject-object combination). To avoid com-
plex modeling of such dependencies we picked only one verb instance pair for
each subject-object combination, taking the one with lowest probability (highest
score). This yields the setT (v1; v2) = (I1; : : : ; In) of best scoring (lowest prob-
ability) instances for each distinct subject and object components. Assuming
independence of occurrence probability of these instances, we estimate the prob-
ability P(T (v1; v2)) =QP(Ii), whereP(I) is calculated by Equation (1) above.
The score of a verb type pair is given by: score(v1; v2) = �log P(T (v1; v2)).
4 Evaluation and analysis

4.1 Setting

We ran our experiments on the first 15-million word (token) subset of the Reuters
Corpus. The corpus sentences were parsed using the Minipar dependency parser
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(Lin 1993). 6,120 verb instance pairs passed filtering (withoverlap threshold
set to 100). These verb instance pairs derive 646 distinct verb type pairs, which
were proposed as candidate lexical paraphrases along with their corresponding
paraphrase score.

Figure 2:Precision (y axis) recall (x axis) curves of system paraphrases by
judge (verb type pairs sorted by system score)

The correctness of the extracted verb type pairs was evaluated over a sample of
215 pairs (one third of the complete set) by two human judges,where each judge
evaluated one half of the sample. In a similar vein to relatedwork in this area,
judges were instructed to evaluate a verb type pair as acorrectparaphrase only if
the following condition holds: one of the two verbs can replace the other within
some sentences such that the meaning of the resulting sentence will entail the
meaning of the original one. To assist the judges in assessing a given verb type
pair they were presented with example sentences from the corpus that include
some matching contexts for the two verbs (e.g., sentences inwhich both verbs
have the same subject or object). Notice that the judgment criterion allows for
directional paraphrases, such ashinvade, enteri or hslaughter, killi, where the
meaning of one verb entails the meaning of the other, but not vice versa.

4.2 Results of the paraphrase identification algorithm

Figure 2 shows the precision vs. recall results for each judge over the given test-
sets. The evaluation was conducted separately also by the authors on the full
set of 646 verb pairs, obtaining comparable results to the independ-ent evalua-
tors. In terms of agreement, the Kappa value (measuring pairwise agreement
discounting chance occurrences) between the authors and the independent eval-
uators’ judgments were 0.61 and 0.63, which correspond to a substantial agree-
ment level (Landis & Koch 1977). The overall precision for the complete test
sample is 61.4% accuracy, with a confidence interval of [56.1,66.7] at the 0.05
significance level. Figure 3 shows the top 10 lexical paraphrases, and a sample
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of the remaining ones, achieved by our system along with the annotators’ judg-
ments. Figure 4 shows correct sentence pairs describing a common event, which
were identified by our system as candidate paraphrase instances.

1- hfall, risei 8+ hcut, loweri 302+ hkill, slaughteri
2+ hclose, endi 9- hrise, shedi 362+ hbring, takei
3+ hpost, reporti 10+ hfall, slipi 422+ hnote, sayi
4+ hrecognize, recognizei 62+ hhonor, honouri 482- hexport, loadi
5+ hfire, launchi 122+ hadvance, risei 542+ hdowngrade, relaxi
6+ hdrop, falli 182+ hbenefit, bolsteri 602+ hcreate, establishi
7+ hregard, viewi 242+ happrove, authorizei 632- hannounce, givei

Figure 3:Example of system output with judgments

An analysis of the incorrect paraphrases showed that roughly one third of the
errors captured verbs with contradicting semantics or antonyms (e.g.,hrise, falli,hbuy, selli, hcapture, evacuatei) and another third were verbs that tend to rep-
resent correlated events with strong semantic similarity (e.g., hwarn, attacki,hreject, criticizei). These cases are indeed quite difficult to distinguish from
true paraphrases since they tend to occur in a corpus with similar overlapping
syntactic components and within quite similar sentences. Figure 4 also shows
examples of misleading sentence pairs demonstrating the difficulties posed by
such instances. It should be noticed that our evaluation wasperformed at the verb
type level. We have not evaluated directly the correctness of the individual para-
phrase instance pairs extracted by our method (i.e., whether the two instances
in a paraphrase pair indeed refer to the same fact). Such evaluation is planned
for future work. Finally, a general problematic (and rarelyaddressed) issue in
this area of research is how to evaluate the coverage or recall of the extraction
method relative to a given corpus.

4.3 Comparison with (Lin & Pantel 2001)

We applied the algorithm of (Lin & Pantel 2001), denoted hereas theLP al-
gorithm, and computed their similarity score for each pair of verb types in the
corpus. To implement the method for lexical verb paraphrases, each verb type
was considered as a distinct path whose subject and object play the roles of the
X and Y slots.

As it turned out, the similarity score ofLP does not behave uniformly across
all verbs. For example, many of the top 20 highest scoring verb pairs are quite
erroneous (see Figure 5), and do not constitute lexical paraphrases (compare with
the top scoring verb pairs for our system in Figure 3). The similarity scores do
seem meaningful within the context of a single verbv, such that when sorting all
other verbs by theLP score of their similarity to v correct paraphrases are more
likely to occur in the upper part of the list. Yet, we are not aware of a criterion
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correct paraphrase instance pairs
Campbell is buying Erasco from Grand
Metropolitan Plc of Britain for about $210
million.

Campbell ispurchasingErasco from Grand
Metropolitan for approximately US$210
million.

The stock of Kellogg Co.dropped Thurs-
day after the giant cereal maker warned that
its earnings for the third quarter will be 20
percent below a year ago.

The stock of Kellogg Co.fell Thursday after
it warned about lower earnings this year . . .

Ieng Sary on Wednesday formallyan-
nounced his split with top Khmer Rouge
leader Pol Pot, and said he had formed a
rival group called the Democratic National
United Movement.

In his Wednesday announcement Ieng Sary,
who was sentenced to death in absentie for
his role in the Khmer Rouge’s bloody rule,
confirmed his split with paramount leader
Pol Pot.

misleading instance pairs
Last Friday, the United Statesannounced
punitive charges against China’s 1996 textile
and apparel quotas . . .

China on Saturday urged the United States
to rescindpunitive charges against Beijing’s
1996 textile and apparel quotas . . .

Municipal bond yieldsdropped as much as
15 basis points in the week ended Thursday,
erasing increases from the week before.

Municipal bond yieldsjumped as much as
15 basis points over the week ended Thurs-
day . . .

Rand Financials notablybought October
late while Chicago Corp and locals lifted
December into by stops.

Rand Financials notablysold October late
while locals pressured December.

Figure 4:Examples of instance pairs

that predicts whether a certain verb has few good paraphrases, many or none.
Given this behavior of theLP score we created a test sample for theLP algorithm
by randomly selecting verb pairs of equivalent similarity rankings relative to the
original test sample. Notice that this procedure is favorable to theLP method for
it is evaluated at points (verb and rank) that where predicted by our method to
correspond to a likely paraphrase.

The resulting 215 verb pairs were evaluated by the judges along with the
sample for our method, while the judges did not know which system generated
each pair. The overall precision on theLP method for the sample was 51.6%,
with a confidence interval of [46.1,57.1] at the 0.05 significance level. TheLPhmisread, misjudgei(0.62);hbarricade, sandbagi(0.29);hdisgust, mystifyi(0.27);hjack,

decontroli(0.27); hPollinate, podi(0.25); hmark down, decontroli(0.23); hsubsidize,
subsidisei(0.22); hwakeup, divinei(0.21); hthrill, personifyi(0.21); hmark up,
decontroli(0.20); hflatten, steepeni(0.20); hmainline, pipi(0.20); hmisinterpret,
relivei(0.20); hremarry, flaunti(0.19); hdistance, dissociatei(0.18); htrumpet,
drive homei(0.18);hmarshal, beleagueri(0.17);hdwell on, feedoni(0.17);hscrutinize,
misinterpreti(0.16);hdisable, counseli(0.16)

Figure 5:Top 20 verb pairs from similarity system
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results for this sample were thus about 10 points lower than the results for our
comparable sample, but the two confidence intervals overlapslightly. It is in-
teresting to note that the precision of theLP algorithm over all pairs of rank 1
was also 51%, demonstrating that just rank on its own is not a good basis for
paraphrase likelihood. Figure 6 shows overall recall vs. precision from both

Figure 6:Precision recall curve for our paraphrase method andLP similarity

judges for the two systems. The results above show that the precision of the
vector-basedLP method may be regarded as comparable to our instance-based
method, in cases where one of the two verbs was identified by our method to
have a corresponding number of paraphrases. The obtained level of accuracy
for these cases is substantially higher than for the top scoring pairs byLP. This
suggests that our approach can be combined with the vector-based approach to
obtain higher reliability for verb pairs that were extracted from actual paraphrase
instances.

5 Conclusions

This work presents an algorithm for extracting lexical verbparaphrases from a
single corpus. To the best of our knowledge, this is the first attempt to identify
actual paraphrase instances in a single corpus and to extract paraphrase patterns
directly from them. The evaluation suggests that such an approach is indeed vi-
able, based on algorithms that are geared to overcome many ofthe misleading
cases that are typical for a single corpus (in comparison to comparable corpora).
Furthermore, a preliminary comparison suggests that verb pairs extracted by our
instance-based approach are more reliable than those basedon global vector sim-
ilarity. As a result, an instance-based approach may be combined with a vector-
based approach in order to assess better the paraphrase likelihood for many verb
pairs. Future research is planned to extend the approach to handle more complex
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paraphrase structures and to increase its performance by relying on additional
sources of evidence.
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Abstract
This paper presents a method of multi-word collocation extraction, which
is based on the syntactic composition of two-word collocations previously
identified in text. We describe a procedure of word linking that iteratively
builds up longer expressions, which constitute multi-wordcollocation can-
didates. We then present several measures used for candidates ranking
according to the collocational strength, and show the results of a trigram
extraction experiment. The methodology used is particularly suited for the
extraction of flexible collocations, which can undergo complex syntactical
transformations such as passivization, relativization and dislocation.

1 Introduction

Collocations,defined as “arbitrary and recurrent word combinations” in (Benson
1990) or “institutionalized phrases” in (Sag et al. 2002), represent a subclass of
multi-word expressions that are prevalent in language and play an important role
in its naturalness. Thecollocate, i.e., the “right word” used in combination with
a given word (usually calledbase word) is unpredictable for non-native speakers.
The preference for a specific word instead of another is dictated by the conven-
tional usage in a specific language, dialect, domain (or evena time period), rather
than by syntactic or semantic criteria. A French speaker, for instance, needs to be
aware of the conventional usage of an expression, e.g., “encounter difficulties”,
in order to avoid unnatural paraphrases such as�“ feel difficulties”. Collocations
constitute a big concern for non-native speakers faced withthe task of producing
proficient text. InNLP, the collocational knowledge is indispensable for major
applications such as the machine translation and the natural language generation.

The phenomenon of words collocability has been given particular attention
since Firth (1957), who made the statement that a words is characterized by “the
company it keeps”. Two main approaches have been followed for the colloca-
tional knowledge acquisition: a lexicographic one, oriented towards the creation
of dictionaries encoding words’ combinatorial possibilities (notably (Benson et
al. 1986, Mel’cuk et al. 1984)), and a statistical one, aimedat automatically ex-
tracting relevant word associations from text corpora (e.g., Choueka et al. 1983,
Sinclair 1991, Church & Hanks 1990, Smadja 1993).

As stated by Harris (1988) in the “likelihood constraint” (“each word has a
particular and roughly stable likelihood of occurring as argument, or operator,
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with a given word”), the collocating words are syntactically bound. The colloca-
tion is, in fact, a well-formed expression. Unfortunately,the existing collocation
extraction methods usually ignore the linguistic structure and rely almost com-
pletely on the text’s surface, while it is generally agreed that the extraction should
ideally be done from analyzed rather than from raw text (Smadja 1993:151).

More recent work (e.g., (Grishman & Sterling 1994, Lin 1998,Krenn & Evert
2001)) performs a shallow text analysis (POS tagging, lemmatization, syntactic
dependency test) in order to syntactically filter the candidate expressions. Still,
it is insufficient to account for the flexible collocations, in which the constituent
words may appear inverted, arbitrarily distant from each other, and may not be
directly related syntactically (as, for instance, the words “overcome” and “diffi-
culties” in the expression “thedifficulties that the country tried toovercome”).

Some major drawbacks of the classical methods are: the possible ungram-
maticality of the candidates considered, the combinatorial explosion when con-
sidering all possible words combinations, the limitation (of the majority of stochas-
tic tests) to two-word combinations. These drawbacks can only be overcome by
performing a deep syntactic analysis that takes into account the complex gram-
matical processes underlying the text form.

The performance of extraction systems is essential for the subsequent treat-
ment of collocations in importantNLP applications such as machine translation,
information retrieval, word sense disambiguation. Therefore we propose an ap-
proach to multi-word collocation extraction which focuseson the use of syn-
tactic analysis and syntactic criteria for defining collocation candidates. Our ap-
proach is supported by the strong increase, over the last fewyears, of the avail-
ability of computational resources and software tools dedicated to large-scale
and robust syntactic parsing1.

The paper is organized as follows. Section 2 briefly presentssome of the
existing methods of multi-word collocation extraction andtheir main features.
Section 3 outlines the method of collocation bigram extraction on which our
work relies. In Section 4 we describe in detail the method we propose for ex-
tracting multi-word collocations using the collocation bigrams. In Section 5 we
present the experimental results obtained by applying thismethod on a collection
of English newspaper articles. The last section draws the conclusion and points
out directions for further development.

2 Existing methods of multi-word collocation extraction

Traditional approaches to automatic collocation extraction from text corpora
rely on stochastic measures,which range from the simple word co-occurrence
frequency to more sophisticated statistical tests (e.g., log-likelihood ratios test1 See (Ballim & Pallotta 2002) for recent advances in robust parsing.
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(Dunning 1993), Student’st-test, Pearson’s�2 test2) or on information theoretic
measures (e.g., the mutual information (Church & Hanks 1990)).

One feature these methodsshare is that they use the textual proximity as the
main criterion for the selection of candidate collocations, instead of syntactic
criteria. Since they consider any word combination as a valid candidate, they are
forced to limit to a text window of fixed size (usually 5 words). Moreover, they
usually do not take into account collocations made up of morethan two words,
as the lexical association measures are generally designedfor pairs of items.

Only few methods, e.g., (Choueka et al. 1983, Smadja 1993), are also con-
cerned withn-grams (n>2). The method proposed by Choueka et al. (1983)
for finding n-word collocations considers the frequency of consecutiveword se-
quences of lengthn (with n from 2 to 6). The limitation ton=6 is due to the rapid
increase of the number of all possiblen-grams, forn bigger than 6.

The Xtract system of Smadja (1993) retrieves, in a first stage, word bi-
grams that are not necessarily contiguous in text, but can beseparated by several
words. It then looks, in the second stage, at the words in the bigrams’ surround-
ing positions and identifiesn-grams as the repetitive contexts of already identi-
fied bigrams. These repetitive contexts can form either “rigid noun phrases”,
or “phrasal templates” (phrases containing empty slots standing for parts of
speech).

Both methods rely only on a superficial text representation,while the authors
point out that the selection of terms should ideally be done following linguistic
criteria.

Since robust large-scale parsers became in the meantime available, the more
recent methodsfocus on using parsed rather than raw text forbigram extraction
(e.g., Lin 1998, Goldman et al. 2001). Our work relies to a large extent on the
features of the method of (Goldman et al. 2001), which we willbriefly present
in the next section.

3 Collocation bigrams extraction with FipsCo

FipsCo (Goldman et al. 2001) is a term extractor systemthat relies on Fips (Laen-
zlinger & Wehrli 1991), a robust, large-scale parser based on an adaptation of
Chomsky’s “Principles and Parameters” theory. The system extracts, from the
parsed text, all the co-occurrences of words in given syntactic configurations:
noun-adjective, adjective-noun, noun-noun, noun-preposition-noun, subject-verb,
verb-object, verb-preposition, verb-preposition-argument. It thus apply a strong
syntactic filter on the candidate bigrams. Subsequently, itapplies the log-
likelihood test (Dunning 1993) on the sets of bigrams obtained, in order to rank
them according to the degree of collocability.2 For a rather comprehensive overview see chapter 5 of (Manning & Schütze 1999).
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The strength of this approach comes from the combinationof the deep syntac-
tic analysis with the statistical test. The sentences are normalized (the words
are considered in their lemmatized form and in their canonical position). The
system is able to handle complex cases of extraposition, such as relativization,
passivization, raising, dislocation.

To illustrate this, let us consider the following sentence fragment (a real cor-
pus example we have encountered): “the difficulties that the country tried to
overcome”. Extracting the collocation of verb-object type “overcome — diffi-
culty” requires a complex syntactic analysis, made up from several steps: rec-
ognizing the presence of a relative clause; identifying theantecedent (“the dif-
ficulties”) of the relative pronoun “that”; and establishing the verb-object link
between this pronoun and the verb of the relative clause. This collocation will
simply be overlooked by classical statistical methods, where usually the size of
the collocational window is 5. Such situations are quite frequent for example in
Romance languages3, in which the words can undergo complex syntactic trans-
formations.

4 Multi-word collocation extraction by bigrams composition

The system presented above is able to extract syntacticallybound collocation
bigrams, which may occur unrestrictedly with respect to thetextual realization.
The system relies on a deep syntactic analysis that can handle complex cases of
extraposition. We will take advantage of these features forthe multi-word col-
locations identification, since they guarantee both the grammaticality of results,
and the unconstrained search space and realization form.

Since the FipsCo system actually returns not only the best scored colloca-
tions, but all the candidate bigrams, we generate all the possible multi-word as-
sociations from text. Our goal is to build up, using the set ofextracted bigrams,
the sequences of bigrams sharing common words. The obtainedcollocate chains
represent well-formed multi-word associations. The configuration of their syn-
tactic structure is defined by the syntactic relations in thebigrams involved. The
shared term must be the same not only lexically, but also indexically (the very
same occurrence in the text). Due to the syntactic constraint, the shared term will
actually appear in the same sentence as the other collocates.

For instance, given two bigrams (w1 w2), (w2 w3) with, we can construct the
trigram: (w1 w2 w3), as in the case of the following collocations: “terrorist at-
tack”, “ attack of September”; we obtain the trigram collocation “terrorist attack
of September”.3 Goldman et al. (2001) report a high percentage of cases in which the distance base-collocate

is more than 5 words in a French corpus.
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Note that the condition of indexical identity avoids combinations with different
readings in case of polysemy, e.g., “terrorist attack” with “ attack of coughing”.

Repeating the same procedure we can add further words to the obtained tri-
grams, thus obtaining multi-words collocations of arbitrary length. Moving on to
n-grams will conserve the inclusion of all terms in the same sentence. We impose
no default restrictions on the syntactic configuration of the resulting expression.

In what follows, we present the word linking procedure that allows the con-
struction of longer multi-word collocations (henceforthMWCs) from shorter col-
locations and the measures proposed for ranking them.

4.1 Iterative word linking procedure

The procedure of linking new words to existing collocationsin order to discover
longer collocations makes use of the criterion of the existence of a syntactic link
between the new words and one of the existing collocation’s words. Recursively
applied to the set of generated collocations in each step, this procedure allows
the incremental composition of longer collocation from shorter subparts. In thus
leads to the identification of all collocation candidates ina text; the distance
between the composing words is only limited by the sentence’s boundaries.

Building up all the possible trigrams from a set of bigrams can be done,
for example, by considering all the pairs of bigrams that share terms. We call
“pivot” the term shared by two bigrams. There are three possibilities to construct
a trigram, that correspond to the position of the pivot in thetwo bigrams. In the
first case, the pivot is the last term in one bigram, and the first in the another.
It occupies the middle (internal) position in the new trigram, as in “terrorist
attack of September”. In the other two cases, the pivot occupies an external
position, either on the left (as in “have impact on”, derived from the bigrams
“have impact” and “have on”), or in the right (as in “round [of] presidential
election”, derived from “round [of] election” and “presidentialelection”).

For the general case, the following procedure is used to incrementally build
up longern-grams:C :=D;

repeatN := ;;
for each MWCi in C

for each MWCj in C, i 6= j
if combine(i, j)then

add(N , combination(i, j));
remove(D, MWCi);
remove(D, MWCj);C :=N ;D := D S C;

until C = ;;
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whereD is the set that will contain the results, initially containing all the bi-
grams;C - a temporary set currently used in an iteration; andN - the newly
generated n-grams in the current iteration.

The following criterion is considered for combining two multi-word collo-
cations (MWCs) into a larger one: twoMWCs can combine if they have at least
one term that is different and one that is shared (i.e., that has the same position
in text). In the procedure above, the predicatecombine(i, j)checks whether this
criterion is satisfied by the expressionsMWCi andMWCj , andcombination(i, j)
is the resultingMWC (obtained by merging the terms involved).

At each step, the procedure tries all the possible combinations among already
generatedMWCs using the above stated composition criterion. It adds the new
combinations to the results setD, from which it then eliminates the participating
(subsumed)MWCs.

The process is repeated as long as newMWCs can be constructed from the
MWCs generated in the previous step. After a finite number of iterations, the pro-
cedure terminates since the set of new expressions that can be generated is finite
(it is localized within a sentence). It is easy to check that the time complexity of
the algorithm is polynomial in the size of the initial bigrams set.

4.2 Association measures

TheMWCs extracted with the algorithm described above represent all the syntac-
tically bound co-occurrences of terms in the corpus. In order to identify the good
collocation candidates among them we proposed 4 methods forquantifying their
degree of collocability.

The first method simply computes theMWCs frequency in the corpus. The
second uses the log-likelihood values initially assigned to bigrams and considers
the sum of participating bigrams’ score as a global score fora MWC. The third
method tries to findMWCs whose global score is balanced and considers the
harmonic mean as an association measure.

Finally, as a fourth method, we apply the log-likelihood test, the same test
that FipsCo applied to words in order to score collocation bigrams. We instead
apply it to bigrams, in order to score the trigrams build fromthese bigrams. The
contingency table (which is used to compute the log-likelihood values) contains
the joint and marginal frequencies for each two bigrams, i.e., the corpus fre-
quency of the two bigrams together (as a trigram), and respectively the corpus
frequency of each of the two bigrams.

In order to apply this measure to arbitrarily longMWCs, we can apply it
recursively to the sub-MWCs composing a givenMWC. Let MWC1 andMWC2 be
two MWCs that compose a largerMWC (as described in 4.1). The log-likelihood
score is computed using a contingency table for the pair (MWC1, MWC2), listing
co-occurrence frequencies related to each of the two sub-expressions.
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5 The experiment. Results and discussion

We applied the method of identifying multi-word collocations as presented in
the previous section on a corpus of 948 English articles fromthe magazine “The
Economist”. The collection of texts, amounting to about 870,000 words, was
first parsed and about 142,000 syntactically bound bigrams were extracted with
FipsCo (no frequency filter was applied). About 7.00% of the extracted bigrams
involved more than two words4.

We then extracted trigrams using the word linking method presented in sub-
section 4.1. We obtained a number of 54,888 trigrams, divided in 13,990, 27,121,
and 13,777 for each pivot position case (i.e., left, middle,and right respectively).
Table 1 shows the 10 most frequent trigrams in the whole set, and the top 10
trigrams according to the log-likelihood measure.

trigram freq trigram log
weapon of mass destruction 38 weapon of mass destruction 579.03
have impact on 17 have impact on 214.35
go out of 15 move from to 126.10
pull out of 14 turn blind eye 124.01
make difference to 11 rise from in 120.57
rise in to 10 play role in 110.07
move from to 10 make difference to 109.46
rise from in 10 rise in to 105.43
play role in 9 second world war 105.42
be to in 8 rise from to 99.08

Table 1:Top 10 trigrams according to frequency and log-likelihood

We consider that both the frequency and the log-likelihood measures are appro-
priate for scoring collocations, with the log-likelihood slightly more precise.

The measure based on the sum yields uninteresting results, as an expression
may obtain a good score if it happen to contain a top scored bigram (as “prime
minister”), even if it is not a collocation (e.g., “prime minister promise”).

The measure based on the harmonic mean allows for the identification of
good multi-word collocations, like “weapons of mass destruction” that received
the best score. Still, we judge its results less satisfactory than those obtained with
the log-likelihood measure.

However, to estimate the efficiency of these measures a solidevaluation
should be performed against a gold standard, possibly by adopting a n-best strat-
egy, as in (Krenn & Evert 2001).4 FipsCo is able to extract some multi-word collocations as bigrams involving a compound,

idiom or collocation already present in the lexicon.
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We were interested in the syntactic configurations of the multi-word collocations
obtained, as they could suggest syntactic patterns to use for the extraction of
multi-word collocations directly from parsed text. The most frequent association
types found in the corpus are listed in Table 2, together withan example for each
type5.

rel1 rel2 frequency example
Noun-Prep-Noun Adjective-Noun 5607 round of presidentialelection
Verb-Object Verb-Prep 5364 have impact on
Subject-Verb Verb-Prep 4904 share fall by
Subject-Verb Verb-Object 4659 budget face shortfall
Verb-Object Adjective-Noun 4622 turn blind eye
Adjective-Noun Subject-Verb 3834 main reason be
Verb-Prep Verb-Prep 3232 move from to
Verb-Object Compound 2366 declare state of emergency
Verb-Object Subject-Verb 1693 want thing be
Noun-Noun Noun-Prep-Noun 1627 world standard of prosperity

Table 2:The 10 most frequent association types for trigrams

As mentioned earlier, during the extraction no predefined syntactic patterns were
used (we imposed no restriction on the configuration of newlybuilt expressions).
Nevertheless, the trigram patterns which are discovered are dependent on the bi-
gram patterns used by FipsCo extraction system, therefore their coverage depend
on how exhaustive the initial patterns are.

6 Conclusions and future work

We have presented a method for the multi-word collocation extraction that relies
on the previous extraction of collocation bigrams from text, and is based on it-
eratively associating already constructed collocations using a syntactic criterion.
We have used several measures for estimating the strength ofthe association. In
particular, we applied the log-likelihood ratio statistical test (initially used for
word bigrams) to the extracted multi-word collocations. This test appears to be,
together with the frequency, the relatively best measure for evaluating the collo-
cational strength.

The methodology used is based on a hybrid (linguistic and statistical) ap-
proach aimed at improving the coverage and the precision of multi-word collo-
cation extraction. Unlike purely statistical approaches,the method presented can
handle collocations whose terms occur in text at a long distance from each other5 The frequency counts refer to the distinct collocations extracted, and do not take into account

how many instances a given collocation may have in the corpus.
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because of to the various syntactic transformations the collocations can undergo.
At the same time, the results are grammatical, due to the syntactically based filter
of candidates and to the syntactic nature of the criterion used for the composition
of longer multi-word collocations.

Another important advantage over the multi-word collocation extraction meth-
ods ignoring the text syntactic structure is that there is nolimitation on the length
of candidates that can be build. Classical methods (Chouekaet al. 1983) were
forced to limit to 6-word collocations, and even more recentmethods that do not
apply a syntactic filter recognize the same limit (Dias 2003).

Further developments of the method include finding criteriafor the delimita-
tion of n-grams within the sentence, that is, for settling a limit between subsumed
and subsuming collocations.

The method will be integrated into a concordance and alignment system
(Nerima et al. 2003), which will allow the visualization of extracted multi-word
collocations in the source text, and in the parallel (translated) text, when avail-
able.
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Abstract

Existing statistical approaches to natural language problems are very coarse
approximations to the true complexity of language processing. As such, no
single technique will be best for all problem instances. Many researchers
are examining ensemble methods that combine the output of multiple mod-
ules to create more accurate solutions. This paper examinesthree merging
rules for combining probability distributions: the familiar mixture rule, the
logarithmic rule, and a novel product rule. These rules wereapplied with
state-of-the-art results to two problems used to assess human mastery of
lexical semantics — synonym questions and analogy questions. All three
merging rules result in ensembles that are more accurate than any of their
component modules. The differences among the three rules are not statisti-
cally significant, but it is suggestive that the popular mixture rule is not the
best rule for either of the two problems.

1 Introduction

Asked to articulate the relationship between the wordsbroad androad, you might
consider a number of possibilities. Orthographically, thesecond can be derived
from the first by deleting the initial letter, while semantically, the first can modify
the second to indicate above-average width. Many possible relationships would
need to be considered, depending on the context. In addition, many different
computational approaches could be brought to bear, leavinga designer of a nat-
ural language processing system with some difficult choices. A sound software
engineering approach is to develop separate modules using independent strate-
gies, then to combine the output of the modules to produce a unified solver.

The concrete problem we consider here is predicting the correct answers to
multiple-choice questions.Each instance consists of a context and a finite set of
choices, one of which is correct. Modules produce a probability distribution
over the choices and a merging rule is used to combine these distributions into
one. This distribution, along with relevant utilities, canthen be used to select a
candidate answer from the set of choices. The merging rules we considered are
parameterized, and we set parameters by a maximum likelihood approach on a
collection of training instances.
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Many problems can be cast in a multiple-choice framework, including optical
digit recognition (choices are the 10 digits), word sense disambiguation (choices
are a word’s possible senses), text categorization (choices are the classes), and
part-of-speech tagging (choices are the grammatical categories). This paper
looks at multiple-choice synonym questions (part of the Test of English as a
Foreign Language) and multiple-choice verbal analogy questions (part of the
SAT college entrance exam).Recent work has shown that algorithms for solving
multiple-choice synonym questions can be used to determinethesemantic ori-
entationof a word; i.e., whether the word conveys praise or criticism(Turney &
Littman 2003b). Other research establishes that algorithms for solving multiple-
choice verbal analogy questions can be used to ascertain thesemantic relationin
a noun-modifier expression; e.g., in the expression “laser printer”, the modifier
“laser” is aninstrumentused by the noun “printer” (Turney & Littman 2003a).

The paper offers two main contributions. First, it introduces and evaluates
several new modules for answering multiple-choice synonymquestions and ver-
bal analogy questions. Second, it presents a novel product rule for combining
module outputs and compares it with other similar merging rules.

Section 2 formalizes the problem addressed in this paper andintroduces the
three merging rules we study in detail: the mixture rule, thelogarithmic rule, and
the product rule. Section 3 presents empirical results on synonym problems and
Section 4 considers analogy problems. Section 5 summarizesand wraps up.

2 Module combination

The following synonym question is a typical multiple-choice question:hidden::
(a) laughable, (b) veiled, (c) ancient, (d) revealed. The stem,hidden, is the
question. There arek = 4 choices, and the question writer asserts that exactly
one (in this case, (b)) has the same meaning as the stem word. The accuracy
of a solver is measured by its fraction of correct answers on aset of` testing
instances.

In our setup, knowledge about the multiple-choice task is encapsulated in
a set ofn modules, each of which can take a question instance and return a
probability distribution over thek choices. For a synonym task, one module
might be a statistical approach that makes judgments based on analyses of word
co-occurrence, while another might use a thesaurus to identify promising can-
didates. These modules are applied to a training set ofm instances, producing
probabilistic “forecasts”;phij � 0 represents the probability assigned by module1 � i � n to choice1 � j � k on training instance1 � h � m. The estimated
probabilities are distributions of the choices for each module i on each instanceh:
Pj phij = 1.



COMBINING INDEPENDENT MODULES 103

2.1 Merging rules

The rules we considered are parameterized by a set of weightswi, one for each
module. For a given merging rule, a setting of the weight vector w induces a
probability distribution over the choices for any instance. LetDh;wj be the prob-
ability assigned by the merging rule to choicej of training instanceh when
the weights are set tow. Let 1 � a(h) � k be the correct answer for in-
stanceh. We set weights to maximize the likelihood of the training data: w =argmaxw0QhDh;w0a(h) . The same weights maximize themean likelihood, the geo-
metric mean of the probabilities assigned to correct answers.

We focus on three merging rules in this paper. Themixture rulecombines
module outputs using a weighted sum and can be writtenMh;wj = Piwiphij;
whereDh;wj = Mh;wj =PjMh;wj is the probability assigned to choicej of in-
stanceh and0 � wi � 1. The rule can be justified by assuming each instance’s
answer is generated by a single module chosen via the distributionwi=Piwi.

The logarithmic rulecombines the logarithm of module outputs byLh;wj =exp(Piwi ln phij) = Qi(phij)wi, whereDh;wj = Lh;wj =Pj Lh;wj is the probability
the rule assigns to choicej of instanceh. The weightwi indicates how to scale
the module probabilities before they are combined multiplicatively. Note that
modules that output zero probabilities must be modified before this rule can be
used.

Theproduct rulecan be written in the formP h;wj =Qi(wiphij +(1�wi)=k);
whereDh;wj = P h;wj =Pj P h;wj is the probability the rule assigns to choicej.
The weight0 � wi � 1 indicates how modulei’s output should be mixed with
a uniform distribution (or a prior, more generally) before outputs are combined
multiplicatively. As with the mixture and logarithmic rules, a module with a
weight of zero has no influence on the final assignment of probabilities.

For the experiments reported here, we adopted a straightforward approach to
finding the weight vectorw that maximizes the likelihood of the data. The weight
optimizer reads in the output of the modules, chooses a random starting point for
the weights, then hillclimbs using an approximation of the partial derivative.
Although more sophisticated optimization algorithms are well known, we found
that the simple discrete gradient approach worked well for our application.

2.2 Related work

Merging rules of various sorts have been studied for many years, and have gained
prominence recently for natural language applications. Use of the mixture rule
and its variations is quite common. Recent examples includethe work of Brill &
Wu (1998) on part-of-speech tagging, Littman et al. (2002) on crossword-puzzle
clues and Florian & Yarowsky (2002) on a word-sense disambiguation task. We
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use the name “mixture rule” by analogy to the mixture of experts model (Ja-
cobs et al. 1991), which combined expert opinions in an analogous way. In the
forecasting literature, this rule is also known as the linear opinion pool; Jacobs
(1995) provides a summary of the theory and applications of the mixture rule in
this setting.

The logarithmic opinion pool of Heskes (1998) is the basis for our loga-
rithmic rule. Boosting (Schapire 1999) also uses a logistic-regression-like rule
to combine outputs of simple modules to perform state-of-the-art classification.
The product of experts approach also combines distributions multiplicatively,
and Hinton (1999) argues that this is an improvement over the“vaguer” proba-
bility judgments commonly resulting from the mixture rule.A survey by Xu et
al. (1992) includes the equal-weights version of the mixture rule. A derivation of
the unweighted product rule appears in Xu et al. (1992) and Turney et al. (2003).

An important contribution of the current work is the productrule, which
shares the simplicity of the mixture rule and the probabilistic justification of the
logarithmic rule. We have not seen an analog of this rule in the forecasting or
learning literatures.

3 Synonyms

We constructed a training set of 431 4-choice synonym questions and randomly
divided them into 331 training questions and 100 testing questions. We created
four modules, described next, and ran each module on the training set. We used
the results to set the weights for the three merging rules andevaluated the re-
sulting synonym solver on the test set. Module outputs, where applicable, were
normalized to form a probability distribution by scaling them to add to one be-
fore merging.

3.1 Modules

LSA. Following Landauer & Dumais (1997), we used latent semanticanaly-
sis to recognize synonyms. Our LSA module queried the web interface devel-
oped at the University of Colorado (lsa.colorado.edu ), which has a 300-
dimensional vector representation for each of tens of thousands of words.

PMI-IR. Our Pointwise Mutual Information-Information Retrieval module
used the AltaVista search engine (www.altavista.com ) to determine the num-
ber of web pages that contain the choice and stem in close proximity. PMI-IR
used the third scoring method (near each other, but not nearnot) designed by
Turney (2001), since it performed best in this earlier study.

Thesaurus.Our Thesaurus module also used the web to measure word pair
similarity. The module queried Wordsmyth (www.wordsmyth.net ) and col-
lected any words listed in the “Similar Words”, “Synonyms”,“Crossref. Syn.”,
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Synonym solvers Accuracy Mean likelihood
LSA only 43.8% .2669
PMI-IR only 69.0% .2561
Thesaurus only 69.6% .5399
Connector only 64.2% .3757
All: mixture 80.2% .5439
All: logarithmic 82.0% .5977
All: product 80.0% .5889

Table 1:Comparison of results for merging rules on synonym problems

and “Related Words” fields. The module created synonym listsfor the stem and
for each choice, then scored them by their overlap.

Connector. Our Connector module used summary pages from querying
Google (google.com ) with pairs of words to estimate pair similarity. It as-
signed a score to a pair of words by taking a weighted sum of both the number
of times they appear separated by one of the symbols[, ” , :, ,, =, /, n, (, ], means,
defined, equals, synonym, whitespace, andand and the number of timesdictio-
nary or thesaurus appear anywhere in the Google summaries.

3.2 Results

Table 1 presents the result of training and testing each of the four modules on
synonym problems. The first four lines list the accuracy and mean likelihood
obtained using each module individually (using the productrule to set the indi-
vidual weight). The highest accuracy is that of the Thesaurus module at 69.6%.
All three merging rules were able to leverage the combination of the modules to
improve performance to roughly 80% — statistically significantly better than the
best individual module.

Although the accuracies of the merging rules are nearly identical, the product
and logarithmic rules assign higher probabilities to correct answers, as evidenced
by the mean likelihood. To illustrate the decision-theoretic implications of this
difference, imagine using the probability judgments in a system that receives a
score of+1 for each right answer and�1=2 for each wrong answer, but can skip
questions. In this case, the system should make a guess whenever the highest
probability choice is above1=3. For the test questions, this translates to scores
of 71.0 and 73.0 for the product and logarithmic rules, but only 57.5 for the
mixture rule; it skips many more questions because it is insufficiently certain.

3.3 Related work and discussion

Landauer & Dumais (1997) introduced the Test of English as a Foreign Lan-
guage (TOEFL) synonym task as a way of assessing the accuracyof a learned
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Reference Accuracy 95% confidence
Landauer & Dumais (1997) 64.40% 52.90–74.80%
non-native speakers 64.50% 53.01–74.88%
Turney (2001) 73.75% 62.71–82.96%
Jarmasz & Szpakowicz (2003) 78.75% 68.17–87.11%
Terra & Clarke (2003) 81.25% 70.97–89.11%
Product rule 97.50% 91.26–99.70%

Table 2:Published TOEFL synonym results

representation of lexical semantics. Several studies havesince used the same
data set for direct comparability; Table 2 presents these results.

The accuracy of LSA (Landauer & Dumais 1997) is statistically indistin-
guishable from that of a population of non-native English speakers on the same
questions. PMI-IR (Turney 2001) performed better, but the difference is not sta-
tistically significant. Jarmasz & Szpakowicz (2003) give results for a number
of relatively sophisticated thesaurus-based methods thatlooked at path length
between words in the heading classifications of Roget’s Thesaurus. Their best
scoring method was a statistically significant improvementover the LSA results,
but not over those of PMI-IR. Terra & Clarke (2003) studied a variety of corpus-
based similarity metrics and measures of context and achieved a statistical tie
with PMI-IR and the results from Roget’s Thesaurus.

To compare directly to these results, we removed the 80 TOEFLinstances
from our collection and used the other 351 instances for training the product
rule. The resulting accuracy was statistically significantly better than all previ-
ously published results, even though the individual modules performed nearly
identically to their published counterparts.

4 Analogies

Synonym questions are unique because of the existence of thesauri — reference
books designed precisely to answer queries of this form. Therelationships exem-
plified in analogy questions are quite a bit more varied and are not systematically
compiled. For example, the analogy questioncat:meow:: (a) mouse:scamper,
(b) bird:peck, (c) dog:bark, (d) horse:groom, (e) lion:scratch requires that the
reader recognize that (c) is the answer because both (c) and the stem are ex-
amples of the relation “X is the name of the sound made byY ”. This type of
common sense knowledge is rarely explicitly documented.

In addition to the computational challenge they present, analogical reasoning
is recognized as an important component in cognition, including language com-
prehension (Lakoff & Johnson 1980) and high level perception (Chalmers et al.
1992).



COMBINING INDEPENDENT MODULES 107

To study module merging for analogy problems, we collected 374 5-choice in-
stances. We randomly split the collection into 274 traininginstances and 100
testing instances.We next describe the novel modules we developed for attacking
analogy problems and present their results.

4.1 Modules

Phrase vectors.We wish to score candidate analogies of the formA:B::C:D (A
is to B asC is to D). The quality of a candidate analogy depends on the simi-
larity of the relationR1 betweenA andB to the relationR2 betweenC andD.
The relationsR1 andR2 are not given to us; the task is to infer these relations
automatically. Our approach to this task is to create vectors r1 andr2 that rep-
resent features ofR1 andR2, and then measure the similarity ofR1 andR2 by
the cosine of the angle between the vectorsr1 andr2 (Turney & Littman 2003a).
We create a vector,r, to characterize the relationship between two words,X and
Y, by counting the frequencies of 128 different short phrasescontainingX andY.
Phrases include “X for Y”, “ Y with X”, “ X in theY”, and “Y on X”. We use these
phrases as queries to AltaVista and record the number of hits(matching web
pages) for each query. This process yields a vector of 128 numbers for a pair of
wordsX andY. The resulting vectorr is a kind ofsignatureof the relationship
betweenX andY.

Thesaurus paths. Another way to characterize the semantic relationship,R, between two words,X andY, is to find a path through a thesaurus or dictio-
nary that connectsX to Y or Y to X. In our experiments, we used the WordNet
thesaurus (Fellbaum 1998). We view WordNet as a directed graph and the The-
saurus Paths module performed a breadth-first search for paths fromX to Y or
Y to X. For a given pair of words,X andY, the module considers all shortest
paths in either direction up to three links. It scores the candidate analogy by the
maximum degree of similarity between any path forA andB and any path forC
andD. The degree of similarity between paths is measured by theirnumber of
shared features.

Lexical relation modules. We implemented a set of more specific modules
using the WordNet thesaurus. Each module checks if the stem words match a par-
ticular relationship in the database. If they do not, the module returns the uniform
distribution. Otherwise, it checks each choice pair and eliminates those that do
not match. The relations tested are:Synonym, Antonym, Hypernym, Hyponym,
Meronym:substance, Meronym:part , Meronym:member, Holonym:substance, and
alsoHolonym:member.

Similarity. Dictionaries are a natural source to use for solving analogies
because definitions can express many possible relationships and are likely to
make the relationships more explicit than they would be in general text. We em-
ployed two definition similarity modules:Similarity:dict usesdictionary.com
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Analogy solvers Accuracy Mean likelihood
Phrase Vectors 38.2% .2285
Thesaurus Paths 25.0% .1977
Synonym 20.7% .1890
Antonym 24.0% .2142
Hypernym 22.7% .1956
Hyponym 24.9% .2030
Meronym:substance 20.0% .2000
Meronym:part 20.8% .2000
Meronym:member 20.0% .2000
Holonym:substance 20.0% .2000
Holonym:member 20.0% .2000
Similarity:dict 18.0% .2000
Similarity:wordsmyth 29.4% .2058
all: mixture 42.0% .2370
all: logarithmic 43.0% .2354
all: product 45.0% .2512
no PV: mixture 31.0% .2135
no PV: logarithmic 30.0% .2063
no PV: product 37.0% .2207

Table 3:Comparison of results for merging rules on analogy problems

and Similarity:wordsmyth useswordsmyth.net for definitions. Each module
treats a word as a vector formed from the words in its definition. Given a poten-
tial analogyA:B::C:D, the module computes a vector similarity of the first words
(A andC) and adds it to the vector similarity of the second words (B andD).

4.2 Results

We ran the 13 modules described above on our set of training and testing anal-
ogy instances, with the results appearing in Table 3 (the product rule was used
to set weights for computing individual module mean likelihoods). For the most
part, individual module accuracy is near chance level (20%), although this is
misleading because most of these modules only return answers for a small sub-
set of instances. Some modules did not answer a single question on the test
set. The most accurate individual module was the search-engine-based Phrase
Vectors (PV) module. The results of merging all modules was only a slight im-
provement over PV alone, so we examined the effect of retraining without the
PV module. The product rule resulted in a large improvement (though not statis-
tically significant) over the best remaining individual module (37.0% vs. 29.4%
for Similarity:wordsmyth).

We once again examined the result of deducting1=2 point for each wrong
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answer. The full set of modules scored 31, 33, and 43 using themixture, log-
arithmic, and product rules. As in the synonym problems, thelogarithmic and
product rules assigned probabilities more precisely. In this case, the product rule
appears to have a major advantage.

5 Conclusion

We applied three trained merging rules to a set of multiple-choice problems and
found all were able to produce state-of-the-art performance on a standardized
synonym task by combining four less accurate modules. Although all three rules
produced comparable accuracy, the popular mixture rule wasconsistently weaker
than the logarithmic and product rules at assigning high probabilities to correct
answers. We provided first results on a challenging verbal analogy task with a
set of novel modules that use both lexical databases and statistical information.

In nearly all the tests that we ran, the logarithmic rule and our novel product
rule behaved similarly, with a hint of an advantage for the product rule. One point
in favor of the logarithmic rule is that it has been better studied so its theoretical
properties are better understood. It also is able to “sharpen” probability distri-
butions, which the product rule cannot do without removing the upper bound on
weights. On the other hand, the product rule is simpler, executes much more
rapidly, and is more robust in the face of modules returning zero probabilities.
We feel the strong showing of the product rule proves it worthy of further study.
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Abstract
We have implemented a system that measures semantic similarity using
a computerized 1987Roget’s Thesaurus, and evaluated it by performing a
few typical tests. We compare the results of these tests withthose produced
by WordNet-based similarity measures. One of the benchmarks is Miller
& Charles’ list of 30 noun pairs that human judges had rated for similarity.
We correlate these ratings with those computed by severalNLP systems.
The 30 pairs can be traced back to Rubenstein & Goodenough’s 65 pairs
that we have also studied. OurRoget’s-based system gets correlations of
.878 for the smaller and .818 for the larger list of noun pairs. We further
evaluate our measure by usingRoget’sand WordNetto answerTOEFL,
ESLandReader’s Digestquestions: the correct synonym must be selected
amongst a group of four words. Our system gets right 78.75%, 82.00% and
74.33% of the questions respectively.

1 Introduction

People identify synonyms — strictly speaking, near-synonyms (Edmonds & Hirst
2002) — such asangel–cherub, without being able to define synonymy prop-
erly. The term tends to be used loosely, even in the cruciallysynonymy-oriented
WordNetwith the synset as the basic semantic unit (Fellbaum 1998:23). Miller &
Charles (1991) restate a formal, and linguistically quite inaccurate, definition of
synonymy usually attributed to Leibniz: “two words are saidto be synonyms if
one can be used in a statement in place of the other without changing the meaning
of the statement”. With this strict definition there may be noperfect synonyms
in natural language (Edmonds & Hirst,ibid.). For NLP systems it is often more
useful to establish the degree of synonymybetween two words, referred to as
semantic similarity.

Miller & Charles’ semantic similarity is a continuous variable that describes
the degree of synonymy between two words (ibid.). They argue that native speak-
ers can order pairs of words by semantic similarity, for example ship–vessel,
ship–watercraft, ship–riverboat, ship–sail, ship–house, ship–dog, ship–sun. The
concept can be usefully extended to quantify relations between non-synonymous
but closely related words, such asairplane–wing.1 A longer version appeared in the Proceedings of the International Conference on Recent

Advances in Natural Language Processing, Sept. 2003, 212-219. Borovets, Bulgaria.2 Currently at the National Research Council of Canada.
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Rubenstein & Goodenough (1965) investigated the validity of the assumption
that “... pairs of words which have many contexts in common are semantically
closely related”. With the help of human experts, they established synonymy
judgmentsfor 65 noun pairs. Miller & Charles (ibid.) selected 30 of those pairs,
and studied semantic similarity as a function of the contexts in which words are
used. Others have calculated similarity using semantic nets (Rada et al. 1989),
in particularWordNet(Resnik 1995, Jiang & Conrath 1997, Lin 1998, Hirst &
St-Onge 1998, Leacock & Chodorow 1998) andRoget’s Thesaurus(McHale
1998), or statistical methods (Landauer & Dumais 1997, Turney 2001, Turney et
al. 2003).

We set out to test the intuition thatRoget’s Thesaurus, sometimes treated
as a book of synonyms,allows us to measure semantic similarity effectively. We
demonstrate some ofRoget’squalities that make it a realistic alternative toWord-
Net, in particular for the task of measuring semantic similarity. We propose a
measure ofsemantic distance, the inverse of semantic similarity (Budanitsky &
Hirst 2001) based onRoget’staxonomy. We convert it into a semantic similarity
measure, and empirically compare to human judgments and to those ofNLP sys-
tems. We consider the tasks of assigning a similarity value to pairs of nouns and
choosing the correct synonym of a problem word given the choice of four target
words. We explain in detail the measures and the experiments, and draw a few
conclusions.

2 Roget’s Thesaurusrelations as a measure of semantic distance

Resnik (1995) claims that a natural way of calculating semantic similarity in a
taxonomy is to measure the distance between the nodes that correspond to the
items we compare: the shorter the path, the more similar the items. Given mul-
tiple paths, we take the shortest. Resnik states a widely acknowledged problem
with edge counting. It relies on the notion that links in the taxonomy represent
uniform distances, and it is therefore not the best semanticdistance measure for
WordNet. We want to investigate this claim forRoget’s, as its hierarchy is very
regular.

Roget’s Thesaurushas many advantages. It is based on a well-constructed
concept classification, and its entries were written by professional lexicogra-
phers. It contains around 250,000 words compared toWordNet’salmost 200,000.
Roget’sdoes not have some ofWordNet’sshortcomings, such as the lack of links
between parts of speech and the absence of topical groupings. The clusters of
closely related words are obviously not the same in both resources. WordNet
relies on a set of about 15 semantic relations. Search in thislexical database
requires a word and a semantic relation; for every word some (but never all)
of 15 relations can be used in search. It is impossible to express a relationship
that involves more than one of the 15 relations: it cannot be stored inWordNet.
TheThesauruscan link the nounbank, the business that provides financial ser-
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vices, and the verbinvest, to give money to a bank to get a profit, as used in the
following sentences, by placing them in a common head784Lending.

(1) Mary went to thebankyesterday.

(2) Sheinvested$5,000.00 in mutual funds.

This type of connection cannot be described usingWordNet’ssemantic relations.
While an English speaker can identify a relation not provided by WordNet, for
example that one invests money in a bank, this is not sufficient for use in com-
puter systems.

We used a computerized version of the 1987 edition of Penguin’s Roget’s
Thesaurus of English Words and Phrases(Jarmasz & Szpakowicz 2001) to cal-
culate the semantic distance.Roget’sstructure allows an easy implementation
of edge counting. Given two words, we look up in the index their references
that point into theThesaurus. Next, we find all paths between references inRo-
get’staxonomy. On another version ofRoget’s, McHale (1998) showed that edge
counting is a good semantic distance measure.

Eight Classes head this taxonomy. The first three,Abstract Relations, Space
andMatter, cover the external world. The remaining ones,Formation of ideas,
Communication of ideas, Individual volition, Social volition, Emotion, Religion
and Moralitydeal with the internal world of human beings. A path inRoget’s
ontology always begins with one of the Classes. It branches to one of the 39 Sec-
tions, then to one of the 79 Sub-Sections, then to one of the 596 Head Groups and
finally to one of the 990 Heads. Each Head is divided into paragraphs grouped
by parts of speech: nouns, adjectives, verbs and adverbs. Finally a paragraph is
divided into semicolon groups of semantically closely related words. Jarmasz &
Szpakowicz (ibid.) give a detailed account ofRoget’sstructure.

The distance equals the number of edges in the shortest path.Path lengths
vary from 0 to 16. Shorter paths mean more closely related words and phrases.
As an example, theRoget’sdistance betweenfeline and lynx is 2. The word
feline has these references:

(1) animal 365 ADJ.

(2) cat 365 N.

(3) cunning 698 ADJ.
The wordlynx has these references:

(1) cat 365 N.

(2) eye 438 N.
The shortest and longest path are (T is the top of the taxonomy):� feline! cat lynx (the same paragraph)� feline! cunning! ADJ.! 698. Cunning! [698, 699]! Complex! Section

three : Voluntary action! Class six : Volition: individual volition! T Class
three : Matter Section three : Organic matter Sensation [438, 439, 440] 438. Vision N. eye lynx
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We convert distance to similarity by subtracting the path length from the maximal
path length (Resnik 1995):

sim (w1, w2) = 16 - [min distance(r1, r2)] (1)
wherer1, r2 are the sets of references for the words or phrasesw1, w2.
3 Evaluation based on human judgment

3.1 The data
Rubenstein & Goodenough (1965) establishedsynonymy judgmentsfor 65 pairs
of nouns. They invited 51 judges who assigned to every pair a score between 4.0
and 0.0 indicating semantic similarity. They chose words from non-technical ev-
ery day English. They felt that, since the phenomenon under investigation was a
general property of language, it was not necessary to study technical vocabulary.
Miller & Charles (1991) repeated the experiment restricting themselves to 30
pairs of nouns selected from Rubenstein & Goodenough’s list, divided equally
amongst words with high, intermediate and low similarity.

We repeated both experiments using theRoget’s Thesaurussystem. We de-
cided to compare our results to six other similarity measures that rely onWord-
Net. Pedersen’sWordNet::Similarity Perl Module(2003) was applied toWordNet
1.7.1. The firstWordNetmeasure used is edge counting. It serves as a baseline,
as it is the simplest and most intuitive measure. The next measure, from Hirst
& St-Onge (1998), relies on the path length as well as the number of changes of
direction in the path; these changes are defined in function of WordNetsemantic
relations. Jiang & Conrath (1997) propose a combined approach based on edge
counting enhanced by the node-based approach of the information content calcu-
lation proposed by Resnik (1995). Leacock & Chodorow (1998)count the path
length in nodes rather than links, and adjust it to take into account the maximum
depth of the taxonomy. Lin (1998) calculates semantic similarity using a for-
mula derived from information theory. Resnik (1995) calculates the information
content of the concepts that subsume them in the taxonomy.

We calculate the Pearson product-moment correlation coefficient between
the human judgments and the values achieved by the systems. The correlation is
significant at the 0.01 level. Tables1 1 and 2 contain the results.

3.2 The results
We first analyze the results obtained usingRoget’s. The Miller & Charles data
in Table 1 show that pairs of words with a score of 16 have high similarity, those
with a score of 12-14 have intermediate similarity, and those with a score below
10 are of low similarity. This is intuitively correct, as words or phrases that are1 The abbreviations used in the tables stand for: Miller & Charles (MC), Rubenstein & Goode-

nough (RG), Penguin’sRoget’s(RT), WordNetEdges (WN), Hirst & St. Onge (HSO), Jiang &
Conrath (JCN), Leacock & Chodorow (LCH), Lin (LIN ), Resnik (RES).
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Noun Pair MC RT WN HSO JCN LCH LIN RES

car–automobile 3.920 16.000 30.000 16.000 1.000 3.466 1.000 6.340
gem–jewel 3.840 16.000 30.000 16.000 1.000 3.466 1.000 12.886
journey–voyage 3.840 16.000 29.000 4.000 0.169 2.773 0.6996.057
boy–lad 3.760 16.000 29.000 5.000 0.231 2.773 0.824 7.769
coast–shore 3.700 16.000 29.000 4.000 0.647 2.773 0.971 8.974
asylum–madhouse 3.610 16.000 29.000 4.000 0.662 2.773 0.978 11.277
magician–wizard 3.500 14.000 30.000 16.000 1.000 3.466 1.000 9.708
midday–noon 3.420 16.000 30.000 16.000 1.000 3.466 1.000 10.584
furnace–stove 3.110 14.000 23.000 5.000 0.060 1.386 0.238 2.426
food–fruit 3.080 12.000 23.000 0.000 0.088 1.386 0.119 0.699
bird–cock 3.050 12.000 29.000 6.000 0.159 2.773 0.693 5.980
bird–crane 2.970 14.000 27.000 5.000 0.139 2.079 0.658 5.980
tool–implement 2.950 16.000 29.000 4.000 0.546 2.773 0.9355.998
brother–monk 2.820 14.000 29.000 4.000 0.294 2.773 0.897 10.489
lad–brother 1.660 14.000 26.000 3.000 0.071 1.856 0.273 2.455
crane–implement 1.680 0.000 26.000 3.000 0.086 1.856 0.3943.443
journey–car 1.160 12.000 17.000 0.000 0.075 0.827 0.000 0.000
monk–oracle 1.100 12.000 23.000 0.000 0.058 1.386 0.233 2.455
cemetery–woodland 0.950 6.000 21.000 0.000 0.049 1.163 0.067 0.699
food–rooster 0.890 6.000 17.000 0.000 0.063 0.827 0.086 0.699
coast–hill 0.870 4.000 26.000 2.000 0.148 1.856 0.689 6.378
forest–graveyard 0.840 6.000 21.000 0.000 0.050 1.163 0.067 0.699
shore–woodland 0.630 2.000 25.000 2.000 0.056 1.674 0.124 1.183
monk–slave 0.550 6.000 26.000 3.000 0.063 1.856 0.247 2.455
coast–forest 0.420 6.000 24.000 0.000 0.055 1.520 0.121 1.183
lad–wizard 0.420 4.000 26.000 3.000 0.068 1.856 0.265 2.455
chord–smile 0.130 0.000 20.000 0.000 0.066 1.068 0.289 2.888
glass–magician 0.110 2.000 23.000 0.000 0.056 1.386 0.123 1.183
rooster–voyage 0.080 2.000 11.000 0.000 0.044 0.470 0.000 0.000
noon–string 0.080 6.000 19.000 0.000 0.052 0.981 0.000 0.000
Correlation 1.000 0.878 0.732 0.689 0.695 0.821 0.823 0.775

Table 1:Semantic similarity measures using the Miller & Charles data

in the same semicolon group will have a similarity score of 16, those that are
in the same paragraph, part-of-speech or Head will have a score of 10 to 14,
and words that cannot be found in the same Head, therefore do not belong to
the same concept, will have a score between 0 and 8.Roget’sresults correlate
very well with human judgment for the Miller & Charles list (r = :878), almost
attaining the upper bound (r = :885) set by human judges (Resnik 1995) despite
the outliercrane–implement, two words that have nothing in common in the
Thesaurus.

The correlation between human judges andRoget’sfor the Rubenstein &
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Goodenough data is also very good (r = :818) as shown in Table 2. Although
we do not present the 65 pairs of words in the list, the outliers merit discussion.
Roget’sdeems five pairs of low similarity words to be of intermediatesimilarity
— all with the semantic distance 12. These pairs of words are therefore all
found in the same Head and belong to noun groups. TheRoget’sassociations are
correct but not the most intuitive:glass–jewelis assigned a value of 1.78 by the
human judges but can be found under the Head844Ornamentation, car–journey
is assigned 1.55 and is found under the Head267 Land travel, monk–oracle
0.91 found under Head986Clergy, boy–rooster0.44 under Head372Male, and
fruit–furnace0.05 under Head301Food: eating and drinking.

RG RT WN HSO JCN LCH LIN RES

Correlation 1.000 0.818 0.787 0.732 0.731 0.852 0.834 0.800

Table 2:Similarity measures using the Rubenstein & Goodenough data

Resnik (ibid.) argues that edge counting usingWordNet1.4 is not a good mea-
sure of semantic similarity as it relies on the notion that links in the taxonomy
represent uniform distances. Tables 1 and 2 show that this measure performs
well for WordNet1.7.1 . This could be explained by the substantial improvement
in WordNet, including more uniform distances between words.

4 Evaluation based on synonymy problems

4.1 The data

Another method of evaluating semantic similarity metrics is to see how well a
computer system can score on a standardized synonym test. Such tests have
questions where the correct synonym is one of four possible choices. This type
of questions can be found in the Test of English as a Foreign Language [TOEFL]
(Landauer & Dumais 1997) and English as a Second Language tests [ESL] (Tur-
ney 2001), as well as the Reader’s Digest Word Power Game [RDWP] (Lewis
2000-2001). Although this evaluation method is not widespread in Computa-
tional Linguistics, it has been used in Psychology (Landauer & Dumais, ibid.)
and Machine Learning (Turney,ibid.). In this experiment we use 80TOEFL, 50
ESL and 300RDWP questions.

A RDWP question is presented like this: “Check the word or phrase you be-
lieve is nearest in meaning.ode - A: heavy debt.B: poem. C: sweet smell.D:
surprise.” (Lewis 2001, n. 938). Our system calculates the semantic distance
between the problem word and each choice word or phrase. The choice word
with the shortest semantic distance becomes the solution. Choosing the word
or phrase that has the most paths with the shortest distance breaks ties. Phrases
not found in theThesauruspresent a special problem. We calculate the distance
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between each word in the choice phrase and the problem word; the conjunction
and, the prepositionto, the verbbeare ignored. The shortest distance between
the individual words and the problem word is considered as the semantic distance
for the phrase. This technique, although simplistic, lets us deal with phrases like
rise and fall, to urgeandbe joyousthat may not be found in theThesaurusas pre-
sented. TheRoget’ssystem is not restricted to nouns when finding the shortest
path — nouns, adjectives, verbs and adverbs are all considered.

We put theWordNetsemantic similarity measures to the same task of an-
swering the synonymy questions. The purpose of our experiment was not to
improve the measures, but to use them as a comparison for theRoget’ssystem.
We choose as the answer the choice word that has the largest semantic similarity
value with the problem word. When ties occur, a partial scoreis given; .5 if two
words are tied for the highest similarity value, .33 if three, and .25 if four. The
results appear in Table 3. We did not tailor theWordNetmeasures to the task of
answering these questions. All of them, except Hirst & St-Onge, rely on theIS-A

hierarchy to calculate the path between words. The measureshave been limited
to finding similarities between nouns, as theWordNethyponym tree only exists
for nouns and verbs; there are hardly any links between partsof speech. We did
not implement any special techniques to deal with phrases. It is therefore quite
probable that the similarity measures can be improved for the task of answering
synonymy questions.

We also compare our results to those achieved by state-of-the-art statistical
techniques. Latent Semantic Analysis [LSA] is a general theory of acquired sim-
ilarity and knowledge representation (Landauer & Dumais 1997). It was used
to answer the 80TOEFL questions. Another algorithm, calledPMI-IR (Turney
2001), uses Pointwise Mutual Information [PMI] and Information Retrieval [IR]
to measure the similarity of pairs of words. It has been evaluated using theTOEFL

andESL questions. Turney et al. (2003) combine four statistical methods, includ-
ing LSA andPMI-IR, to measure semantic similarity and evaluate it on the same
80 questions.

4.2 The results

The Roget’s Thesaurussystem answers 78.75% of theTOEFL questions (Ta-
ble 3). The two next best systems are Hirst & St-Onge andPMI-IR, which answer
77.91% and 73.75% of the questions respectively.LSA is not too far behind, with
64.38%. Turney et al. (ibid.) obtain a score of 97.50% using their combined ap-
proach. They further declare the problem of thisTOEFL set to be “solved”. All
the otherWordNet-based measures perform poorly, with accuracy not surpassing
25.0%. According to Landauer & Dumais (ibid.), a large sample of applicants to
US colleges from non-English speaking countries took theTOEFL tests contain-
ing these items. Those people averaged 64.5%, considered anadequate score for
admission to manyUS universities.
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RT WN HSO JCN LCH LIN RES PMI-IR LSA

TOEFL 78.75 21.88 77.91 25.00 21.88 24.06 20.31 73.75 64.38
ESL 82.00 36.00 62.00 36.00 36.00 36.00 32.66 74.00

RDWP 74.33 23.11 45.64 22.83 23.11 22.06 21.33

Table 3:Percentage of correct answers for synonymy problems

The ESL experiment (Table 3) presents similar results. Once again,theRoget’s
system is best, answering 82% of the questions correctly. The two next best
systems,PMI-IR and Hirst & St-Onge fall behind, with scores of 74% and 62%
respectively. All otherWordNetmeasures give very poor results, not answering
more than 36% of the questions. TheRoget’ssimilarity measure is clearly su-
perior to theWordNetones for theRDWP questions (Table 3).Roget’sanswers
74.33% of the questions, which is almost equal to aGood vocabulary rating
according to Reader’s Digest (Lewis 2000-2001), where the next bestWordNet
measure, Hirst & St-Onge, answers only 45.65% correctly. All others do not
surpass 25%.

These experiments give a clear advantage to measures that can evaluate the
similarity between words of different parts-of-speech.

5 Discussion

We have shown in this paper that the electronic version of the1987Penguin Ro-
get’s Thesaurusis as good as, if not better than,WordNetfor measuring semantic
similarity. The distance measure used, often called edge counting, can be cal-
culated quickly and performs extremely well on a series of standard synonymy
tests.Out of 5 experiments,Roget’sis better thanWordNetevery time except on
the Rubenstein & Goodenough list of 65 noun pairs.

TheRoget’s Thesaurussimilarity measures correlate well with human judges,
and perform similarly to theWordNet-based measures.Roget’sshines at answer-
ing standard synonym tests.This result was expected, but remains impressive:
the semantic distance measure is extremely simple and no context is taken into
account, and no word sense disambiguation is performed whenanswering the
questions. Standardized language tests appear quite helpful in evaluating ofNLP

systems, as they focus on specific linguistic phenomena and offer an inexpensive
alternative to human evaluation.

Most of theWordNet-based systems perform poorly at the task of answering
synonym questions. This is due in part to the fact that the similarity measures can
only by calculated between nouns, because they rely on the hierarchical structure
that is almost only present for nouns inWordNet. The systems also suffer from
not being able to deal with many phrases.

The semantic similarity measures can be applied to a varietyof tasks. Lexi-
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cal chains (Morris & Hirst, 1991) are sequences of words in a text that represent
the same topic. Links between significant words can be established using sim-
ilarity measures. Many implementations of lexical chains exist, including one
using our electronicRoget’s(Jarmasz & Szpakowicz, 2003). A semantic simi-
larity measure can be used to define the relations between words in a chain. Our
lexical chain building process builds proto-chains, a set of words linked via these
relations. Our implementation refines the proto-chains to obtain the final lexical
chains.

Turney (2001) has used his semantic similarity metric to classify automobile
and movie reviews as well as to answer analogy problems (Turney et al. 2003).
In an analogy problem, the correct pair of words must be chosen amongst four
pairs, for example:cat:meow(a) mouse:scamper, (b) bird:peck, (c) dog:bark,
(d) horse:groom, (e) lion:scratch. To correctly answerdog:bark, a system must
know that ameowis the sound that acat makes and abark the sound that a
dogmakes. Both of these applications can be implemented with our version of
Roget’s Thesaurus.

Acknowledgements. We thank Peter Turney, Tad Stach, Ted Pedersen and Siddharth
Patwardhan for help with this research; Pearson Education for licensing to us the 1987
Penguin’sRoget’s Thesaurus.
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Clustering WordNet Word Senses

ENEKO AGIRRE & O IER LOPEZ DELACALLE
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Abstract
This paper presents the results of a set of methods to clusterWordNet word
senses. The methods rely on different information sources:confusion ma-
trixes from Senseval-2 Word Sense Disambiguation systems,translation
similarities, hand-tagged examples of the target word senses and examples
obtained automatically from the web for the target word senses. The clus-
tering results have been evaluated using the coarse-grained word senses
provided for the lexical sample in Senseval-2. We have used Cluto, a
general clustering environment, in order to test differentclustering algo-
rithms. The best results are obtained for the automaticallyobtained exam-
ples, yielding purity values up to 84% on average over 20 nouns.

1 Introduction

WordNet (Miller et al. 1994) is one of the most widely used lexical resources
for Natural Language Processing. Among other information,it provides a list of
word senses for each word, and has been used in many Word SenseDisambigua-
tion (WSD) systems as the sense inventory of choice. In particular it has been
used as the sense inventory for the Senseval-2 English Lexical sampleWSD ex-
ercise1 (Edmonds & Cotton 2001).

Many works cite the fine-grainedness of the sense distinctions in WordNet as
one of its main problems for practical applications (Peterset al. 1998, Tomuro
2001, Palmer et al. submitted). Senseval-2, for instance, provides both fine-
grained (the actual WordNet word senses) and coarse-grained sense distinctions.

There is considerable literature on what makes word senses distinct, but there
is no general consensus on which criteria should be followed. Some approaches
use an abstraction hierarchy as those found in dictionaries(Kilgarriff 1998),
others utilize syntactic patterns such as predicate-argument structure of verbs
(Palmer et al. submitted), and others study the word senses from the point of
view of systematic polysemy (Peters et al. 1998, Tomuro 2001). From a practi-
cal point of view, the need to make two senses distinct will depend on the target
application.

This paper proposes a set of automatic methods to hierarchically cluster the
word senses in WordNet. The clustering methods that we examine in this paper
are based on the following information sources:1 In the rest of the paper, the Senseval-2 English lexical sample exercise will be referred to in

short as Senseval-2.
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(1) Similarity matrix for word senses based on theconfusion matrix of all
systems that participated in Senseval-2 (cf. Section 5).

(2) Similarity matrix for word senses produced by (Chugur & Gonzalo 2002)
usingtranslation equivalencesin a number of languages (cf. Section 6).

(3) Context of occurrencefor each word sense (cf. Section 7). Two meth-
ods were used to derive the contexts: taking them directly from Senseval-2
(hand tagged data), or automatically retrieving them usingWordNet infor-
mation to construct queries over the web (cf. Section 2).

(4) Similarity matrix based on theTopic Signaturesfor each word sense (cf.
Section 8). The topic signatures were constructed based on the occurrence
contexts of the word senses, which, similar to the point above, can be ex-
tracted from hand-tagged data or automatically constructed from the Web.

In order to construct the hierarchical clusters we have usedCluto (Karypis 2001),
a general clustering environment that has been successfully used in Information
Retrieval and Text Categorization. The input to the algorithm can be either a
similarity matrix for the word senses of each target word (constructed based on
confusion matrixes, translation equivalences, or topic signatures, as mentioned
above), or the context of occurrence of each word sense in theform of a vector.
Different weighting and clustering schemes were tried (cf.Section 4).

The paper is organized as follows. Sections 2 and 3 explain the methods to
construct the corpus of word sense examples from the web and the topic signa-
tures, respectively. Section 4 presents the clustering environment. Sections 5
through 8 present each of the methods to cluster word senses.Section 9 presents
the results of the experiment. Finally, Section 11 draws theconclusions and fu-
ture work. This paper is a reduced version of (Agirre & Lopez de Lacalle, 2003),
where more examples and a section of related work is presented.

2 Retrieving examples for word senses from the Web

Corpora where the occurrences of word senses have been manually tagged are
a scarce resource. Semcor (Miller et al. 1994) is the largestof all and currently
comprises 409,990 word forms. All 190,481 open-class wordsin the corpus are
tagged with word senses. Still, it has a low number of examples for each word
sense. The wordbar, for instance, has 6 word senses, but only 21 occurrences in
Semcor.

Other tagged corpora are based on a limited sample of words. For instance,
the Senseval-2 corpus comprises 5,266 hand-tagged examples for a set of 29
nouns, yielding an average of 181.3 examples per word. In particular, bar has
455 occurrences.

The scarcity of hand-tagged data is the acquisition bottleneck of supervised
WSD systems. As an alternative, different methods to build examples for word
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senses have been proposed in the literature (Leacock et al. 1998; Agirre et al.
2000, 2001). The methods usually rely on information in WordNet (lexical re-
lations such as synonymy and hypernymy, or words in the gloss) in order to
retrieve examples from large corpora or the web. The retrieved examples might
not contain the target word, but they contain a word that is closely related to the
target word sense.

In this work, we have followed the monosemous relatives method, as pro-
posed in (Leacock et al. 1998). This method uses monosemous synonyms or
hyponyms to construct the queries. For instance, the first sense ofchannelin
Figure 1 has a monosemous synonym “transmission channel”. All the occur-
rences of “transmission channel” in any corpus can be taken to refer to the first
sense of channel. In our case we have used the following kind of relations in or-
der to get the monosemous relatives: hypernyms, direct and indirect hyponyms,
and siblings. The advantages of this method is that it is simple, it does not
need error-prone analysis of the glosses and it can be used with languages where
glosses are not available in their respective WordNets.

Google2 was used to retrieve the occurrences of the monosemous relatives.
In order to avoid retrieving full documents (which is time consuming) we take
the context from the snippets returned by Google. Agirre et al. (2001) showed
that topic signatures built from sentence context were moreprecise than those
built from full document context.

The snippets returned by Google (up to 1,000 per query) are processed, and
we try to extract sentences (or fragments of sentences) containing the search
term from the snippets. The sentence (or fragment) is markedby three dots in
the snippets. Some of the potential sentences are discarded, according to the fol-
lowing heuristics: length shorter than 6 words, the number of non-alphanumeric
characters is greater than the number of words divided by two, or the number of
words in uppercase is greater than those in lowercase.

3 Constructing topic signatures

Topic signatures try to associate a topical vector to each word sense. The dimen-
sions of these topical vectors are the words in the vocabulary, and the weights try
to capture which are the words closer to the target word sense. In other words,
each word sense is associated with a set of related words withassociated weights.

We can build such lists from a sense-tagged corpora just observing which
words co-occur distinctively with each sense, or we can try to associate a num-
ber of documents from existing corpora to each sense and thenanalyze the oc-
currences of words in such documents (cf. previous section).2 We use the offline XML interface kindly provided by Google.
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The method to construct topic signatures proceeds as follows: (i) We first orga-
nize the documents in collections, one collection per word sense, directly using
sense-tagged corpora (e.g., Senseval-2), or exploiting the information in Word-
Net to build queries and search the web (see section 2). Either way we get one
document collection per word sense. (ii) For each collection we extract the words
and their frequencies, and compare them with the data in the collections pertain-
ing to the other word senses using�2. (iii) The words that have a distinctive
frequency for one of the collections are collected in a list,which constitutes the
topic signature for the respective word sense. (iv) The topic signatures for the
word senses are filtered with the cooccurrence list of the target word taken from
balanced corpora such as the BNC. This last step takes out some rare and low
frequency words from the topic signatures.

Topic signaturesfor words have been successfully used in summarization
tasks (Lin and Hovy 2000). Agirre et al. (2000, 2001) show that it is possible to
obtain good quality topic signaturesfor word senses. The topic signatures built
in this work can be directly examined inhttp://ixa.si.ehu.es/Ixa/res-
ources/sensecorpus .

4 The Cluto clustering environment

Cluto is a freely available clustering environment that hasbeen successfully used
in Information Retrieval and Text Categorization (Karypis2001, Zhao & Karypis
2001). The input to the algorithm can be either a similarity matrix for the word
senses of each target word (constructed based on confusion matrixes, translation
equivalences, or topic signatures, as mentioned above), orthe context of occur-
rence of each word sense in the form of a vector.

In the case of the similarity matrixes the default settings have been tried, as
there were only limited possibilities. In the case of using directly the contexts
of occurrences, different weighting schemes (plain frequencies, tf.idf), similarity
functions (cosine, correlation coefficient) and clustering functions (repeated bi-
section, optimized repeated bisection, direct, nearest neighbor graph, agglomer-
ative, agglomerative combined with repeated bisection) have been tried (Karypis
2001).

5 Clustering using WSD system confusion matrixes

Given the freely available output of theWSD systems that participated in Senseval-
2 (Edmonds & Cotton, 2001), one can construct a confusion matrix for each pair
of word senses, constructed as follows: (i) For each pair of word senses(a; b),
we record the number of times that eachWSD system yieldsa whenbis the cor-
rect word sense in the gold standard. (ii) This number is divided by the number
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channel signals passage groove water comms body tv
signals - 0.18 0.04 0.05 0.06 0.29 1.01
passage - 0.52 0.30 0.26 0.27 1.05
groove - 0.65 0.20 0.02 0.66
water - 0.04 0.03 0.00
comms - 0.45 0.64
body - 0.55
tv -

Figure 1:Similarity matrix and resulting hierarchical clusters based on
Senseval-2 topic signatures. Entropy: 0.286, Purity: 0.714

of occurrences of word sense b and the number of systems.
The rationale is that when the systems confuse two word senses often, we

can interpret that the context of the two word senses is similar. For instance, if
sensea is returned instead of senseb always for all systems, the similarity ofa
to b will be 1. If the two senses are never confused, then their similarity would
be 0. Note that the similarity matrix is not symmetric.

6 Clustering using translation similarities

Chugur & Gonzalo (2002) constructed similarity matrixes for Senseval-2 words
usingtranslation equivalencesin 4 languages, a method proposed by Resnik &
Yarowsky (2000). Two word senses are deemed similar if they are often trans-
lated with the same word in a given context. More than one language is used to
cover as many word sense distinctions as possible. Chugur and Gonzalo kindly
provided their similarity matrixes, and we run Cluto directly on them.

7 Clustering using word sense examples

Clustering of word senses can be cast as a document-clustering problem, pro-
vided each word sense has a pseudo-document associated withit. This pseudo-
document is built combining all occurrences of the target word sense (e.g., fol-
lowing the methods in Section 2). Once we have such a pseudo-document for
each word sense, we can cluster those documents with the usual techniques, and
the output will be clusters of the word senses.

We have used two sources to build the pseudo-documents. On the one hand
we have used Senseval 2, using the sentence context only. On the other hand
we have used the examples collected from the web, as explained in Section 2.
Table 1 shows, among other information, the number of examples available for
each of the words considered. A range of clustering parameters was tried on
these sets of examples, as explained on Section 4.
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noun #s #c #sval #web pur noun #s #c #sval #web pur
art 4 2 275 23391 0.750 fatigue 4 3 116 8596 1.000
authority 7 4 262 108560 0.571feeling 6 4 153 14569 1.000
bar 13 10 360 75792 0.769hearth 3 2 93 10813 0.667
bum 4 3 115 25655 1.000 mouth 8 5 171 1585 0.833
chair 4 2 201 38057 0.750 nation 4 2 101 1149 1.000
channel 7 4 181 46493 0.714nature 5 3 137 44242 0.600
child 4 2 189 70416 0.750 post 8 5 201 55049 0.625
circuit 6 4 247 33754 0.833 restraint 6 4 134 49905 0.667
day 9 5 427 223899 1.000 sense 5 4 158 13688 0.800
facility 5 2 172 17878 1.000 stress 5 3 112 14528 0.800

Table 1:List of nouns processed in this study. The columns show the number of
senses (#s), number of clusters in the gold standard (#c), number of examples in
Senseval-2 (#sval), number of examples retrieved from the web (#web), and best

purity value obtained for each word (pur)

8 Clustering using topic signatures

Topic signatures have been constructed for the Senseval 2 nouns using two sets
of examples as in the previous section: the Senseval 2 hand-tagged data, and
the automatically retrieved sense examples. Once the topicsignatures were con-
structed the similarity matrix was built using the cosine assimilarity function
among topic signatures. Figure 1 shows the similarity matrix for channel based
on topic signatures, and the resulting hierarchical cluster.

9 Experiments

In order to evaluate the clustering results we have used as reference gold standard
the coarse senses for nouns provided by Senseval-2. This gold standard is used in
order to compute purity and entropy values for the clustering results (see below).
The number of resulting groups is used as the target number ofclusters. In the
case of authority (cf. Table 1) there are 4 sense groups in thegold standard, and
therefore Cluto is instructed to build 4 clusters.

Some of the nouns in Senseval-2 had trivial clustering solutions, e.g., when
all the word senses form a single cluster, or all clusters areformed by a single
word sense. Table 1 shows the 20 nouns that had non-trivial clusters and could
therefore be used for evaluation.

The quality of a clustering solution was measured using two different metrics
that looked at the gold-standard labels of the word senses assigned to each cluster
(Zhao & Karypis 2001). In order to better explain the metrics, we will call the
gold-standard sense groupsclasses, as opposed to the clusters returned by the



CLUSTERING WORDNET WORD SENSES 127

Method Entropy Purity
Random - 0.748

Confusion Matrixes 0.364 0.768
Multilingual Similarity 0.337 0.799

Examples: Senseval (Worse) 0.378 0.744
(Best) 0.338 0.775

Examples: Web (Worse) 0.310 0.800
(Best) 0.209 0.840

Topic Signature: Senseval 0.286 0.806
Topic Signature: Web 0.358 0.764

Table 2:Entropy and purity results for the different clustering methods

methods. The first metric is the widely usedentropymeasure that looks are
how the various classes of word senses are distributed within each cluster, and
the second measure is thepurity that measures the extent to which each cluster
contained word senses from primarily one class. A perfect clustering solution
will be the one that leads to clusters that contain word senses from only a single
class, in which case the entropy will be zero. In general, thesmaller the entropy
values, the better the clustering solution is. The purity ofone cluster is defined
to be the fraction of the overall cluster size that the largest class of word senses
assigned to that cluster represents. The overall purity of the clustering solution
is obtained as a weighted sum of the individual cluster purities. In general, the
larger the values of purity, the better the clustering solution is. Evaluation of
clustering solutions is not easy, and usually both measuresare provided.

As a baseline we built a random baseline, which was computed averaging
among 100 random clustering solutions for each word. Each clustering solution
was built assigning a cluster to each word sense at random.

Table 2 shows the results in the form of average entropy and purity for each
of the clustering methods used. The first line shows the results for the random
baseline. For the confusion matrix and multilingual matrixa single solution is
shown. In the case of clustering directly over the examples,the best and worst
clustering results are shown for all the combinations of parameters that were
tried. Space limits prevent us from showing all combinations. Different results
are shown depending on whether the examples were taken from Senseval-2 or
from the web examples. Finally, the results over the topic signatures are shown,
with different lines depending on the source of the examples.

According to the results, automatically obtained examplesproved the best :
the optimal combination of clustering parameters gets the best results, and the
worst parameter setting gets the third best results. Thus, automatically retrieved
examples from the Web are the best source for replicating thegold standard from
the alternatives studied in this paper.
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If we compare the Web results with the Senseval-2 results (which according to
the quality of the hand-tagged data should be better) we see that direct clustering
on the examples yields very bad results for Senseval-2 (below random for worst
parameter setting). Topic signatures on Senseval-2 data, on the contrary, provide
the second best results. We think that the main difference between Senseval-2
and Web data is the amount of data (cf. table 1). It seems that topic signatures
provide useful clusters when little data is available, while direct clustering is best
for large amounts of data.

We want to note that the random baseline is quite high. Still,the reduction
of error for the best result (measured according to purity) is of 35%, i.e., error is
reduced from 0.252 to 0.16. We want to note that related literature seldom cite
random baselines for clustering problems.

10 Conclusions and future work

This paper has presented the results of a set of methods to cluster WordNet word
senses. The methods rely on different information sources:confusion matrixes
from Senseval-2 systems, translation similarities, hand-tagged examples of the
target word senses and examples obtained automatically from the web for the
target word senses. The clustering results have been evaluated using the coarse-
grained word senses provided for the lexical sample in Senseval-2. We have
used Cluto, a general clustering environment, in order to test different clustering
algorithms. An extended version of this paper (Agirre & Lopez de Lacalle, 2003)
shows more examples, and a full section on related work.

The best results are obtained with the automatically obtained examples, with
purity values up to 84% on average over 20 nouns.

We are currently acquiring 1,000 snippets from Google for each monosemous
noun in WordNet. The total amount of monosemous nouns in version 1.6 is
90,645 and we have currently acquired examples for 98% of them. The examples
take nearly 16 Gigabytes. We plan to provide word sense clusters of comparable
quality for all nouns in WordNet soon3.

We also plan to perform a task based evaluation, using the hierarchical clus-
ters to guide aWSD algorithm, and to further investigate the relation of the pro-
duced clusters and studies of systematic polysemy.

Acknowledgements. We want to thank Irina Chugur and Julio Gonzalo for kindly
providing us with the multilingual data. This work has been funded by the European
Commision (project MEANING IST-2001-34460) and the MCYT (project HERMES
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Abstract
Defining link types and writing linking rules for automatic hyperlinking
methods may be a cumbersome activity due to the large number of pos-
sibilities. In this paper, we tackle this issue proposing a model for auto-
matically extracting link types and, as a consequence, linking rules from
large text collections. The novel idea is to exploit relations among facts
expressed within domain documents.

1 Introduction

Hyperlinked text collections are often seen as an added value. On-line news
agencies, for instance, tend to offer this service to their customers. But, tracing
hyperlinks between documents is an inherently difficult task. As the process of
writing, it involves the ability of finding relations among concepts or facts. It is
not surprising that the inter-agreement among annotators is very low even if they
are only asked to produce links between “related texts” (seeEllis et al. 1994).
The disagreement is even bigger if the tagert is to relate documents with typed
links. Link types as “cause-effect” relations may help in filtering out irrelevant
information as final users may better decide if it is worthy ornot to traverse
provided links.

In Basili et al. (2003), we proposed a hyper-linking method based on In-
formation Extraction techniques conceived to connect documents with typed re-
lations. Linking among documents is based on an intermediate representation,
called the “objective representation”. This document surrogate contains only
events judged relevant according to an underlying domain knowledge-base. On
the basis of rules firing on the event classes, a link is justified according to events
(and the involved entities) appearing in the two documents.The model offers
a language over which specific linking rules may be manually written building
on the supported event classes. However, the activity of defining link types and
writing the related linking rules may not be an easy task mainly when a large
number of fact classes is foreseen.

In this paper, we want to tackle this last issue by proposing amodel for the
automatic definition of link types and the related linking rules in the context of a
rule-based hyper-linking method. The basic assumption we make is the one we
started with:the activity of building hypertexts is very similar to the process of
writing. Therefore, the novel idea is to exploit the relations amongfacts as they
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appear inside domain documents for inducing hyperlinking rules. In our opin-
ion, typical discourse structures of domain documents are valuable resources for
defining relevant relation types and the related linking rules. Trusting on such an
assumption we propose a light discourse model able to infer regularities in docu-
ments belonging to a collection. Co-occurrences of event classes will be used to
derive link types and linking rules. As the exploration of the proposed model de-
mands for a linguistic analysis of texts applied over large amount of data, we re-
fer to assessed language processing technologies. Therefore, we build on robust
methods for processing natural language (i.e., a robust syntactic parser (Basili &
Zanzotto 2002) and a shallow knowledge-based method for a semantic analysis
such as in Humphreys et al. (1998)) and on well assessed statistical measures
(i.e., the mutual information). It is worth noticing that insights borrowed from
the Discourse Analysis theory have also fashioned the definition of “generic”
link types such asrevision, association, andaggregation(Parunak 1991).

To better explain our model for deriving hyper-linking rules, we will firstly
summarize the rule-based approach to hyper-linking (Section 2). Then we will
both introduce our light model for inspecting the discourse(based on a robust
syntactic parser and a knowledge-based shallow semantic analyser) and describe
how the proposed model enables the extraction of the relevant and stable re-
lations among event types using statistical measures (Section 3). Finally, the
viability of the approach is inspected in the financial domain represented by a
document collection of news articles (Section 4).

2 Rule-based hyperlinkingwith information extraction
techniques

The identification of links among texts in document collections may be a very
subjective matter according to the perception of what is useful. Therefore, a hy-
pertext should take into account that the final users may ask very different sup-
ports in reasoning. As Glushko (1989) observers, some hypertextual links may
even be misleading for a user not interested in the information they are pointing
to. Assigning types to hyper-links is then suggested to overcome such a problem.
From the point of view of the possible services, a typed text network is useful
for supporting a personalised access to the linking information according to di-
namically changing specific needs. The extent of the personalisation depends on
the used link type systemT and on the availability of automatic methods able to
assign types inT to the retrieved links.
In this context, computational approaches based on bag-of-word models (e.g.,
(Allan 1996)) or on more semantic document representationssuch aslexical
chains(Hirst 1991) used in Green (1997) may not be very well suited.These
models can offer a degree of relatedness among documents that is not sufficient
to classify links in types as “cause-effect”. In Allan (1996) this type is consid-



INDUCING HYPERLINKING RULES IN TEXT COLLECTIONS 133

NEW YORK, 05/09/2000
...
Intel shares closed with a 
loss of 1 per cent.
…

NEW YORK, 05/07/2000
...
Intel, the world’s largest 
chipmaker, bought a unit of 
Danish cable maker NKT that 
designs high-speed computer 
chips.
...

NEW YORK, 05/12/2000
...
The giant chip maker Intel said 
it acquired the closely held ICP 
Vortex Computersysteme, a 
german maker of systems for
... ����� ���� 	 ��
� �� 
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n1

n2

n3

Figure 1:Examples of justified links

ered “manual”, i.e.,out of scopefor these computational models. Detectable link
types are in 6 classes called “automatic” links:revision, summary/expansion,
equivalence, comparison/contrast, tangent, andaggregate. To push forward the
limit, deeper text understanding models are needed. For example, while these ap-
proaches may relate the news itemsn1, n2, andn3 in Figure 1 using theIntel
stem, they cannot produce any further linking motivation. On the other hand, it
may be relevant to make explicit that the link between the twonews itemsn1
andn2 is motivated by the fact that both deal with theIntel acquisition
activity or that the link betweenn2 andn3 describes a kind of cause-effect.

In the approach we follow (Basili et al. 2003), we rely on anobjective rep-
resentation(OR) of the document content to support the automatic extraction of
typed links among documents. A documentd is represented as a sequence of
typed events, i.e., d = fe1; :::; eng (1)

where each eventei = (ti; fa1i ; a2i ; :::; ani g) is represented by a typet(ei) = eti
and a set of argumentsp(ei) = fa1i ; a2i ; :::; ani g related to the participants. For in-
stance, given the event classbuy event andshare trend, the three news articles
in Figure 1 would have respectively the followingobjective representations:n1 = f(buy event; fagent(Intel); patient(ICP )g)g;n2 = f(buy event; fagent(Intel); patient(a unit of NKT )g)g; andn3 = f(share trend; fagent(Intel); modifier(1%)g)g: (2)

On this document model, a powerful language for the description of complex
linking rules has been provided (see (Basili et al. 2003) formore details). Hyper-
linking rules may be written as logical forms in which triggers justify firings.
These rules state that two documentsd1 and d2 are related with a link typelt(et1; et2) if (i) an event of the typeet1 is detected ind1 and one of typeet2
in d2, and (ii) the two events satisfy some equivalence constraints on the parte-
cipants. In this language cause-effect linking rules may beeasily written. For
example, relevant and completely defined link types able to explain, respectively,
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the relations (1) and (2) in Figure 1 arelt(buy event; buy event) (a same event
link type) andlt(buy event; share trend) (a sort ofcause-effect). Link types,lt(et1; et2), and linking rules are strictly correlated: both are completely defined
when the types of the involved events have been identified.

The rule-based hyper-linkingparadigm may support the automatic construc-
tion of a typed text networks. Different types of links may bedefined according
to the foreseen information needs. However, the definition of the hyper-linking
types, i.e.,lt(et1; et2), and the related rules may still be a cumbersome problem
since prototypical relations among facts may not be so evident. The problem is
strictly related to the number of the possible event classes(the setEC) the under-
lying information extraction system is able to deal with. A largeEC set results
in a rich language for expressing the link types and very specific rules may be
foreseen. But, as the size ofEC grows, the hyperlinking rule definition activity
becomes more complex as the number of possible linking typesto be considered
grows squarely. Trivially, the number of typeslt(et1; et2) with et1; et2 2 EC,
whose relevance has to be judged, isjECj2=2. Aiming to reduce this space, we
here propose a method to suggest (among all the possible ones) the more promis-
ing link types among event classes that may be easily translated in hyper-linking
rules.

3 Shallow discourse analysis for automatically deriving hyperlinking rules

Establishing relations among facts and ideas is a relevant cognitive process. It
supports not only the activity of tracing hyper-links amongdifferent texts but also
the writing process. We argue that if a type of relation amongevents is relevant
in a particular domain it has been expressed in some of the texts belonging to the
analysed collection. An analysis of stable relations amongfacts within the texts
may suggest the relvant types of hyper-links and, consequently, the hyperlinking
rules. In this perspective, the relations expressed in the corpus are retained as
relevant link types.

Then, the model we here propose will analyse the content of the texts in
light of the event classesEC and will try to find these correlations (i.e., the co-
occurrences) among elements inEC that are more promising in the corpusC.
The experimental framework will build on robust methods forprocessing natural
language (i.e., a robust syntactic parser (Basili & Zanzotto 2002) and a shallow
knowledge-based method for a semantic analysis in line withapproaches such
as (Humphreys et al. 1998), and on well assessed statisticalmeasures (i.e., the
mutual information). In the model we propose, the syntacticanalyser extracting
the grammatical structures of a given text cooperates with the semantic analyser
to map different surface representations to the implied event class. The corpusC,
reduced to a set of forms as (1), will be used to define the statistical model able to
capture the stable relations among fact types by means of themutual information
scores.



INDUCING HYPERLINKING RULES IN TEXT COLLECTIONS 135

3.1 Robust syntactic parsing and knowledge-based semantic analysis

As we need theobjective representationto capture relations among fact classes,
salient events expressed in the documents need to be made explicit. The recog-
nition process starts from a grammatical analysis to filter out grammatical dif-
ferences of surface forms and to make evident syntactic relations among the
textual fragments. We will rely on a robust approach that produces partial and
possibly ambiguous syntactic analysis in extended dependency graph (XDG) (for
more details refer to Basili & Zanzotto (2002)). Verbal phrases, relevant for our
analysis, can be straightforwardly extracted selecting the subgraphs with all the
constituents that can be directly reached by a verb.

The syntactic processorSP is then a function mapping documents in raw
texts t to syntactically analysed documentssd, i.e., SP (t) = sd. The syn-
tactic representationsd of a documentt is a set of verb contexts
, i.e., sd =f
1; :::; 
ng. For instance, the syntactic representation for the documentsn1 andn2 in Figure 1 are SP (n1) = f
1g and SP (n2) = f
2g where
1 = (buy; flsubj(
ompany(Intel); lobj(unit of(
ompany(NKT ))g) and
2 = (a
quire; flsubj(
ompany(Intel); lobj(
ompany(ICP ))g).

Syntactically processed documents are still not completely generalised to al-
low the analysis of the co-occurrences for two given event types. Differences
between surface forms still exist, e.g., no explicit equivalence is stated between
the verb context
1 and
2. In line with Humphreys et al. (1998), we will per-
form this harmonisation in the semantic analysis by matching the current verb
contexts with event prototypes contained in a domain knowledge baseKB. This
latter stores the different surface representations associated to each event type
postulated in the domain (i.e., for each element in the setEC).

For the shallow semantic analysis we propose a functionS that maps doc-
uments in the syntactic space to their semantic representation, i.e.,d = S(sd)
wheresd is a document syntactically represented whiled is the document seen
as a sequence of salient facts. The key element of the semantic analysis is the
event knowledge-baseKB that contains elements,event prototypes:(t; v; [a1; :::; an℄) (3)

describing that a possible form of an event typedt 2 EC is a verb context gov-
erned by the verbv with a1, ...,an as arguments. An instance of event prototype
of the typebuy event may be:(buy event; a
quire; flsubj(
ompany(X)); lobj(
ompany(Y ))g) (4)

that is abuy event may be represented in a context of the verba
quire if the
logical subjectX (referred aslsubj) is a 
ompany and the logical objectY
(referred aslobj) is 
ompany. The knowledge-baseKB is then used to define
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the functionS(sd) = fs(
1); :::; s(
n)g where:s(
) = � (t; args) if 9(t; v; args) 2 best mat
h(
;KB)none otherwise (5)

That is, a verbal context
 = (v; sargs) is transformed into an event(t; args) of
the typet if an event prototype(t; v; args) is foreseen in the knowledge baseKB
whose argumentsargs are matched against the arguments of the actual instancesagrs. If more than one prototype satisfies the constraints, the one matching
the largest number of arguments is selected, i.e.,best mat
h(
;KB). The de-
fault valuenone is assigned when the verb context does not match any event
prototype.

3.2 Highlighting stable relations among fact types using mutual information

As the final step of our model, we propose here to study the correlation among
event classes using the mutual information on a statisticalmodel of the corpus.
Pairs of event classes found with a positive level of mutual information will be
retained as useful to build hyper-linking rules. We assume that the link type is
defined by the pair of correlated events.

In order to evaluate the mutual information (MI), two sample spacesS1 andS2 have been defined on the analysed corpusC. S1 is the space of all the events
occurred in the corpusC while S2 represents all the events that jointly appeared
in one of the documents. The probability that the single event e is of typet can be
estimated using the frequency of the events of typet in the spaceS1. Similarly,
the probabilities of(et1; et2) pairs can be estimated on the spaceS2. Then, the
mutual informationmi(et1; et2) of two event typeset1 andet2 belonging to the
event classes foreseen in the model of the knowledge domain is:mi(et1; et2) = log p(et1; et2)p(et1)p(et2) (6)

The mutual information in the corpusC of the pairs(et1; et2) makes evident the
relations considered relevant by the writers of the analysed documents. Higher
is the value of the mutual information wider is the perception of a relevant link
between the two event classes. Event type pairs with a positive value of mutual
information can be retained as relevant link typelt(et1; et2) and easly translated
to hyper-linking rule. Furthermore, in a supervised environment, the use of the
mutual information as index offers the possibility to rank the choices according
to their relevance.
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1 RELATIONSHIPS AMONGS COMPANIES
1-1 Acquisition/Selling
1-2 Cooperation/Splitting
2 INDUSTRIAL ACTIVITIES
2-1 Funding/Capital
2-2 Company Assets (Financial Performances , Balances, Sheet Analysis)
2-3 Market Strategies and plans
2-4 Staff Movement (e.g., Management Succession)
2-5 External Communications
3 GOVERNMENT ACTIVITIES
3-1 Tax Reduction / Increase
3-2 Anti-Trust Control
4 JOB MARKET - MASS EMPLOYMENT/UNEMPLOYMENT
5 COMPANY POSITIONING
5-1 Position vs Competitors
5-2 Market Sector
5-3 Market Strategies and plans
6 STOCK MARKET
6-1 Share Trends
6-2 Currency Trends

Table 1:The event class hierarchy of the financial domain

4 Analysis of the results in a financial domain

Our model has been applied to a financial domain and the experiment has been
carried out on a large document collection with these parameters: (1) the set of
event classesEC and (2) the semantic knowledge baseKB. We will hereafter
refer toEC + KB as the model for the domain. The event classes foreseen
for this domain are shown in Table 1 structured into an hierarchy. These 20
classes are the same proposed in Basili et al. (2002) to describe the relevant
events that may occur in a financial news stream. This class hierarchy covers
event types involving the activities of the companies in themarket (e.g., the class5) as well as the events that may happen in the stock exchange (i.e., the types
6, 6-1, and 6-2). On the other hand, the knowledge baseKB including about
500 event prototypes has been extracted from the corpus withthe semi-automatic
extraction method based on a terminological perspective (Basili et al. 2002). The
terminological model enables the extraction of event prototypes from the corpus
and their ranking according to a relevance score. The rankedprototypes are
then shown to one or more annotators that provide a classification in one of
the foreseen classes inEC. It is worth noticing that also the modular syntactic
parser we are using depends itself on a number of parameters,i.e., the rules and
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the lexicons it uses. In particular, due to the nature of the information we want to
gather, the main parameters are the part-of-speech tagger and the verb argument
detector. Nevertheless, even with all these inherent limitations we carried out the
experiments on a large corpus, i.e., a collection of about 12,300 news items of the
Finacial Times published in the period Oct–Dec 2000. This collection has been
assumed to be the implicit domain model where to extract the domain “linking”
knowledge.

After the syntactic/semantic analysis it emerges that an average of 0.89 events
for each document have been matched and this can drasticallyreduce the expec-
tation of finding correlations among event types. Focussingon the 5,723 out of
the 12,308 documents that had a least one detected event, theaverage number of
events per document is more that doubled (i.e., 1.91 events/docs). This value sug-
gests that when the document is covered by theEC+KB model the correlation
between fact types inEC is a significant phenomenon and, consequently, can be
studied. The mutual information among elements inEC is depicted in Table 2

Hyper-link prototype MI
lt(6-1,6) Share Trends STOCK MARKET 1.0574
lt(3,5-2) GOVERNMENT ACTIVITIES Market Sector 0.9879
lt(2-2,6-1) Company Assets Share Trends 0.9513
lt(2-4,2-4) Staff Movement Staff Movement 0.8176
lt(2-2,6) Company Assets STOCK MARKET 0.7785
lt(6-1,6-1) Share Trends Share Trends 0.5884
lt(5-2,5-2) Market Sector Market Sector 0.5499
lt(6,6) STOCK MARKET STOCK MARKET 0.3810
lt(1-2,1-2) Cooperation/Splitting Cooperation/Splitting 0.3462
lt(1-2,4) Cooperation/Splitting JOB MARKET 0.3090
lt(2-2,2-2) Company Assets Company Assets 0.2793
lt(1-1,1-2) Acquisition/Selling Cooperation/Splitting 0.1724
lt(2-4,5-1) Staff Movement Position vs Competitors 0.1516
lt(2-5,6-1) External Communications Share Trends 0.0808
lt(2-1,2-2) Funding/Capital Company Assets 0.0363
lt(1-1,1-1) Acquisition/Selling Acquisition/Selling 0.0254
lt(6,5-2) STOCK MARKET Market Sector 0.0210

Table 2:Hyperlinking Rules derived from the Economic Corpus

where hyper-linking rules among the typest1 andt2 are referred aslt(t1; t2). As
expected only a small part (17 out from 210) are selected and therefore presented
as useful hyper-linking rules. In such a way the 90% of the possible hyper-link
types (and related rules) are removed. This demonstrates that our method is a
viable solution for discovering relevant link types. An evaluation of the pairs
with respect to human judgements is difficult because two event types randomly
picked fromEC seem to be correlated. We can only discuss the obtained list
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with respect to the document collection. We may observe thatsome event types
tend to occur with events of the same type as, for instance, 2-4, 6-1, 1-1, and 2-2.
This interesting fact confirms that rules connecting eventsof the same type can
be relevant for a perspective user of the linking information. The most relevant
suggested relations are those connecting different event classes. Apart from the
first between a class 6-1 with its superclass 6, these relations suggest that cause-
effect relation types are active in the corpus according to the domain model given
by EC and, therefore, the related linking rules may be foreseen. The secondly
ranked, for instance, states that a relevant relation may bedrawn between the
government activities(class 3) and the trends in amarket sector(class 5-2). The
third suggested rule states a relation between theCompany Assets(2-2) and the
Share Trends(6-1) similarly stated by the relation (2-2,6).

5 Conclusions

Building on the basic idea that relevant link types are already expressed in the
collections of domain documents, we presented a novel method for automati-
cally deriving hyper-linking typeslt(et1; et2) and, consequently, hyper-linking
rules. The proposed method based on natural language processing techniques
seems to be a viable solution to address the definition of suchtypes and rules: in
fact, when documents are covered by the domain knowledge model, the stated
relations among event types may be recovered. The method we propose reduces
the linking rules that have to be considered.

REFERENCES

Allan, James. 1996. “Automatic Hypertext Link Typing”.Proceedings of the 7th ACM
Conference on Hypertext, 42-52. Washington, D.C.: ACM Press.

Basili, Roberto & Fabio Massimo Zanzotto. 2002. “Parsing Engineering and Empirical
Robustness”.Natural Language Engineering8:2-3.97-120.

Basili, Roberto, Alessandro Moschitti, Maria Teresa Pazienza & Fabio Massimo Zan-
zotto. 2003. “Personalizing Web Publishing via Information Extraction”. IEEE
Intelligent Systems18:1.62-70.

Basili, Roberto, Maria Teresa Pazienza & Fabio Massimo Zanzotto. 2002. “Learning IE
Patterns: A Terminology Extraction Perspective”.Workshop of Event Modelling for
Multilingual Document Linking, 36-41. Las Palmas, Spain.

Ellis, David, Jonathan Furner-Hines & Peter Willett. 1994.“The Creation of Hypertext
Linkages in Full-text Documents: Parts I and II”. TechnicalReport RDD/G/142.
London: British Library Research and Development Dept.

Glushko, Robert J. 1989. “Design Issues for Multi-DocumentHypertexts”.Proceedings
of the 2nd Annual ACM Conference on Hypertext, 51-60. Pittsburgh, Pennsylvania:
ACM Press.



140 R. BASILI, M. T. PAZIENZA & F. M. ZANZOTTO

Green, Stephen. 1997. “Automatically Generating Hypertext by Computing Semantic
Similarity”. PhD dissertation. Dept. of Computer Science,Univ. of Toronto.

Humphreys, Kevin, Robert Gaizauskas, Saliha Azzam, Chris Huyck, Brian Mitchell,
Hamish Cunningham & Yorick Wilks. 1998. “University of Sheffield: Descrip-
tion of the LASIE-II System as Used for MUC-7”.Proceedings of the 7th Message
Understanding Conferences(MUC-7), 84-89. San Fransisco, Calif.: Morgan Kauf-
mann.

Morris, Jane & Graeme Hirst. 1991. “Lexical Cohesion, the Thesaurus, and the Structure
of Text”. Computational Linguistics17:1.21-48.

Van Dyke Parunak, Henry. 1991. “Ordering the Information Graph”. Hypertext/ Hyper-
media Handbooked. by Emily Berk & Joseph Devlin, 299-325 (= chapter 20).
Hightstown, N.J.: McGraw-Hill (Intertext).



Near-Synonym Choice
in Natural Language Generation

DIANA ZAIU INKPEN� & GRAEME HIRST���University of Ottawa, School of Information Technology andEngineering��University of Toronto, Department of Computer Science

Abstract

We present Xenon, a natural language generation system capable of dis-
tinguishing between near-synonyms. It integrates a near-synonym choice
module with an existing sentence realization module. We evaluate Xenon
using English and French near-synonyms.

1 Introduction

Natural language generation systems need to choose betweennear-synonyms—
words that have the same meaning, but differ in lexical nuances. Choosing the
wrong word can convey unwanted connotations, implications, or attitudes. The
choice between near-synonyms such aserror, mistake, blunder, andslip can be
made only if knowledge about their differences is available.

In previous work (Inkpen & Hirst 2001) we automatically built a lexical
knowledge base of near-synonym differences (LKB of NS). The main source of
knowledge was a special dictionary of near-synonym discrimination,Choose the
Right Word(Hayakawa 1994). TheLKB of NS was later enriched (Inkpen 2003)
with information extracted from other machine-readable dictionaries, especially
the Macquarie dictionary.

In this paper we describe Xenon, a natural language generation system that
uses the knowledge of near-synonyms. Xenon integrates a newnear-synonym
choice module with the sentence realization system namedHALogen (Langkilde
& Knight 1998, Langkilde-Geary 2002). HALogen is a broad-coverage general-
purpose natural language sentence generation system that combines symbolic
rules with linguistic information gathered statisticallyfrom large text corpora
(stored in a language model). For a given input, it generatesall the possible
English sentences and it ranks them according to the language model, in order to
choose the most likely sentence as output.

Figure 1 presents Xenon’s architecture. The input is a semantic represen-
tation and a set of preferences to be satisfied. A concrete example of input is
shown in Figure 2. The final output is a set of sentences and their scores. The
highest-ranked sentence is considered to be the solution.
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Figure 1:The architecture of Xenon

2 Meta-concepts

The semantic representation that is one of Xenon’s inputs isrepresented, like
the input toHALogen, in an interlingua developed at ISI (Information Science
Institute, University of Southern California). This language contains a specified
set of 40 roles, and the fillers of the roles can be words, concepts from Sensus
(Knight & Luk 1994), or complex representations.

Xenon extends the representation language by adding meta-concepts. The
meta-concepts correspond to the core denotation of the clusters of near-synonyms,
which is a disjunction (an OR) of all the senses of the near-synonyms of the clus-
ter.

We use distinct names for the various meta-concepts. The name of a meta-
concept is formed by the prefix “generic”, followed by the name of the first
near-synonym in the cluster, followed by the part-of-speech. For example, if the
cluster islie, falsehood, fib, prevarication, rationalization, untruth, the name of
the cluster is “genericlie n”. If there are cases where there could still be conflicts
after differentiating by part-of-speech, the name of the second near-synonym is
used. For example, “stop” is the name of two verb clusters; therefore, the two
clusters are renamed: “genericstoparrestv” and “genericstopceasev”.

3 Near-synonym choice

Near-synonym choice involves two steps: expanding the meta-concepts, and
choosing the best near-synonym for each cluster according to the preferences.

Input : (A9 / tell :agent (V9 / boy) :object (O9 / genericlie n)

Input preferences: ((DISFAVOUR :AGENT)
(LOW FORMALITY) (DENOTE (C1 / TRIVIAL)))

Output : The boy told fibs.�40.8177

Figure 2:Example of input and output of Xenon
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(A9 / tell :agent (V9 / boy)
:object (OR

(e1 / (:CAT NN :LEX “lie”) :WEIGHT 1.0e�30)
(e2 / (:CAT NN :LEX “falsehood”) :WEIGHT 6.93e�8)
(e3 / (:CAT NN :LEX “fib”) :WEIGHT 1.0)
(e4 / (:CAT NN :LEX “prevarication”) :WEIGHT 1e�30)
(e5 / (:CAT NN :LEX “rationalization”) :WEIGHT 1e�30)
(e6 / (:CAT NN :LEX “untruth”) :WEIGHT 1.38e�7))

Figure 3:The interlingual representation from Fig. 2 after expansion by the
near-synonym choice module.

We implemented this in a straightforward way: the near-synonym choice module
computes a satisfaction score for each near-synonym; then satisfaction scores be-
come weights; in the end,HALogen makes the final choice, by combining these
weights with the probabilities from its language model. Forthe example in Fig-
ure 2, the expanded representation, which is input toHALogen, is presented in
Figure 3. The near-synonym choice module gives higher weight to fib because it
satisfies the preferences better than the other near-synonyms in the same cluster.
Section 4 will explain the algorithm for computing the weights.

4 Preferences

The preferences that are input to Xenon could be given by the user, or they could
come from an analysis module if Xenon is used in a machine translation system
(corresponding to nuances of near-synonyms in a different language). The for-
malism for expressing preferences and the preference satisfaction mechanism is
adapted from the prototype system I-Saurus (Edmonds & Hirst2002).

The preferences, as well as the distinctions between near-synonyms stored in
theLKB of NS, are of three types. Stylistic preferences express a certain formal-
ity, force, or concreteness level and have the form: (strength stylistic-feature),
for example (low formality). Attitudinal preferences express a favorable, neu-
tral, or pejorative attitude and have the form: (stance entity), where stance takes
the values favour, neutral, disfavour. An example is: (disfavour :agent). Denota-
tional preferences connote a particular concept or configuration of concepts and
have the form: (indirectness peripheral-concept), where indirectness takes the
values suggest, imply, denote. An example is: (imply (C / assessment :MOD
(OR ignorant uninformed))). The peripheral concepts are expressed in the ISI
interlingua.

In Xenon, preferences are transformed internally into pseudo-distinctions
that have the same form as the corresponding type of distinctions. The distinc-
tions correspond to a particular near-synonym, and also have frequencies — ex-
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cept the stylistic distinctions. In this way preferences can be directly compared
to distinctions. The pseudo-distinctions corresponding to the previous examples
of preferences are:

(- low formality)
(- always high pejorative :agent)
(- always medium implication (C/assessment :MOD (OR ignorant uninformed))).

For each near-synonymw in a cluster, a weight is computed by summing the
degree to which the near-synonym satisfies each preference from the setP of
input preferences:W eight(w; P ) =Pp2P Sat(p; w):

The weights are then transformed through an exponential function that nor-
malizes them to be in the interval[0; 1℄. The exponentials function that we used

is: f(x) = exke�1 The main reason this function is exponential is that the differ-
ences between final weights of the near-synonyms from a cluster need to be num-
bers that are comparable with the differences of probabilities fromHALogen’s
language model. The method for choosing the optimal value ofk is presented in
Section 7.

For a given preferencep 2 P , the degree to which it is satisfied byw
is reduced to computing the similarity between each ofw’s distinctions and a
pseudo-distinctiond(p) generated fromp. The maximum value overi is taken:Sat(p; w) = maxi S im(d(p); di(w)), wheredi(w) is thei-th distinction ofw.
We explain the computation ofS im in the next section.

5 Similarity of distinctions

The similarity of two distinctions, or of a distinction and apreference (trans-
formed into a distinction), is computed similarly to (Edmonds 1999):S im(d1; d2) = 8<: S imden(d1; d2)S imatt(d1; d2)S imsty(d1; d2) (1)

Distinctions are formed out of several components, represented as symbolic val-
ues on certain dimensions. In order to compute a numeric score, each symbolic
value has to be mapped into a numeric one. The numeric values (see Table 1)
are not as important as their relative difference, since allthe similarity scores are
normalized to the interval[0; 1℄.

For stylistic distinctions, the degree of similarity is oneminus the absolute
value of the difference between the style values.S imsty(d1; d2) = 1:0� jS tyle(d2)� S tyle(d1)j
For attitudinal distinctions, similarity depends on the frequencies and the atti-
tudes. The similarity of two frequencies is one minus their absolute differences.
For the attitudes, their strength is taken into account.S imatt(d1; d2) = Sf req(d1; d2) � Satt(d1; d2)
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Frequency Indirectness Attitude Strength Style
never .0 suggestion 2 pejorative�2 low �1 low 0
seldom .25 implication 5 neutral 0 medium 0 med. .5
sometimes .5 denotation 8 favorable 2 high 1 high 1
usually .75
always 1.0

Table 1:The functions that map symbolic values to numeric valuesSf req(d1; d2) = 1:0 � jFreq(d2)� Freq(d1)jSatt(d1; d2) = 1:0 � jAtt(d2)�Att(d1)j = 6Att(d) = Attitude(d) + sgn(Attitude(d)) � S trength(d)
The similarity of two denotational distinctions is the product of the similarities
of their three components: frequency, indirectness, and conceptual configura-
tion. The first two scores are calculated as for the attitudinal distinctions. The
computation of conceptual similarity (S
on) will be discussed in the next section.S imden(d1; d2) = Sf req(d1; d2) � Slat(d1; d2) � S
on(d1; d2)Slat(d1; d2) = 1:0 � jLat(d2)� Lat(d1)j = 8Lat(d) = Indire
tness(d) + S trength(d)
Here are some examples of computing the similarity between distinctions:

a. if d1 = (lex1 low formality) andd2 = (lex2 medium formality) thenSim(d1; d2) = 1� j0:5� 0j = 0:5
b. if d1 = (lex1 always medium implicationP1) andd2 = (lex2 seldom medium

suggestionP1) thenS im(d1; d2) = Sf req(d1; d2) � Slat(d1; d2) � S
on(d1; d2) =(1� j0:25 � 1j) � (1� (2 + 0 + 5 + 0) = 8) � 1 = 0:03
6 Similarity of conceptual configurations

Peripheral concepts in Xenon are complex configurations of concepts. The con-
ceptual similarity functionS
on is in fact the similarity between two interlingual
representationst1 and t2. Equation 2 computes similarity by simultaneously
traversing the two representations.S
on(t1; t2) = � S(concept(t1); concept(t2)) if N1;2 = 0�S(concept(t1); concept(t2)) + � 1N1;2 Ps1;s2 S
on(s1; s2) (2)

In equation 2, concept(C), whereC is a interlingual representation, is the main
concept (or word) in the representation. The first line corresponds to the situation
when there are no roles. The second line deals with the roles:shared by both
representations, or appearing only in one of them.N1;2 is the sum of the number
of shared roles and the number of roles unique to each of the representations (at
the given level in the interlingua).s1 ands2 are the values of any shared role.�
and� are weighting factors. If� = � = 0:5, the whole sub-structure is weighted
equally to the main concepts.
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The similarity functionS deals with the case in which the main concepts are
atomic (words or basic concepts) or when they are an OR or AND of com-
plex concepts. If both are disjunctions,C1 = (OR C11 � � �C1n), andC2 =(OR C21 � � �C2m), thenS(C1; C2) = maxi;j S
on(C1i; C2j): The components
could be atomic or they could be complex concepts; that’s whytheS
on function
is called recursively. If one of them is atomic, it can be viewed as a disjunction
with one element, so that the previous formula can be used. Ifboth are conjunc-
tions, then the formula computes the maximum of all possiblesums of pairwise
combinations. IfC1 = (AND C11 C12 � � �C1n), andC2 = (AND C21 C22 � � �C2m),
then the longest conjunction is taken. Let’s sayn � m (if not the procedure
is similar). All the permutations of the components ofC1 are considered, and
paired with components ofC2. If some components ofC1 remain without pair,
they are paired with null (and the similarity between an atomand null is zero).
Then the similarity of all pairs in a permutation is summed and divided by the
number of pairs, and the maximum (from all permutations) is the resulting score:S(C1; C2) = maxp2perms 1n (Pmk=1 S
on(C1pk ; C2k)+Pnk=m+1 S
on(C1k; null)).
Here is a simple example to illustrate this procedure:S
on((AND a b 
);(AND b a)) = 13 max(S
on(a; b)+S
on(b; a)+S
on(
; null); S
on(a; a)+S
on(b;b) + S
on(
; null)) = 13 max(0 + 0 + 0; 1 + 1 + 0) = 0:66

The similarity of two words or two atomic concepts is computed from their
positions in the ontology of the system. A simple approach would be this: the
similarity is 1 if they are identical, 0 otherwise. But we have to factor in the
similarity of two words or concepts that are not identical but closely related in
the ontology. We implemented a measure of similarity for allthe words, using
the Sensus ontology. Two concepts are similar if there is a link of length one
or two between them in Sensus. The degree of similarity is discounted by the
length of the link. The similarity between a word and a concept is given by the
maximum of the similarities between all the concepts (senses) of the word and
the given concept. The similarity of two words is given by themaximum simi-
larity between pairs of concepts corresponding to the words. Before looking at
the concepts associated with the words, stemming is used to see if the two words
share the same stem, in which case the similarity is 1. This enables similarity
across parts-of-speech.

Here are some examples of similarity of conceptual configurations:
a. if C1 = (C1 / departure :MOD physical and :PRE-MOD unusual) andC2 = (C2 / departure :MOD physical) then
on(C1; C2) = 0:5 � 1 + 0:5 � 1=2 �(0:5 � 1) = 0:625
b. if C1 = (C1 / person :AGENTOF (A / drinks :MOD frequently) and

thenS
on(C1; C2) = 0:5 � 1 + 0:5 � 1=1 � (0:5 + 0:5 � 1=2 � 1) = 0:875 if C1 =
(C1 / occurrence :MOD (OR embarrassing awkward)) andC2 = (C2 / occurrence
:MOD awkward) thenS
on(C1; C2) = 0:5 � 1 + 0:5 � 1=1 � 1 = 1:0
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c. if C1 = (C1 / (AND spirit purpose) :MOD hostile) andC2 = (C2 / purpose :MOD
hostile) thenS
on(C1; C2) = 0:5 � (1 + 0)=2 + 0:5 � 1 = 0:75

7 Evaluation of Xenon

The main components of Xenon are the near-synonym choice module andHAL -
ogen. An evaluation ofHALogen was already presented by Langkilde-Geary
(2002). Here, we evaluate the near-synonym choice module and its interaction
with HALogen.

We conducted two kinds of evaluation experiments. The first type of experi-
ment (Test1 and Test2) feeds Xenon with a suite of inputs: foreach test case, an
interlingual representation and a set of nuances. The set ofnuances correspond to
a given near-synonym. A graphic depiction of these two testsis shown in Figure
4. The sentence generated by Xenon is considered correct if the expected near-
synonym was chosen. The sentences used in Test1 and Test2 arevery simple;
therefore, the interlingual representations were easily built by hand. In the inter-
lingual representation, the near-synonym was replaced with the corresponding
meta-concept.

The analyzer of lexical nuances for English simply extractsthe distinctions
associated with a near-synonym in theLKB of NS. Ambiguities are avoided be-
cause the near-synonyms in the test sets are members in only one of the clusters
used in the evaluation.

In Test1, we used 32 near-synonyms that are members of the 5 clusters; one
example of cluster is:benefit, advantage, favor, gain, profit. Test1 was used as
a development set, to choose the exponentk for the function that translated the
scale of the weights. As the value ofk increased (staring at 1) the accuracy on
the development set increased. The final value chosen fork was 15. In Test2, we
used 43 near-synonyms selected from 6 other clusters, namely the English near-
synonyms from Figure 5. Test2 was used only for testing, not for development.

The second type of experiment (Test3 and Test4) is based on machine transla-
tion. These experiments measure how successful the translation of near-synonyms
from French into English and from English into English is. The machine transla-
tion experiments were done on French and English sentences that are translations
of each other, extracted from the Canadian Hansard (1.3 million pairs of aligned
sentences from the official records of the 36th Canadian Parliament) (http://www.

English

X
 e n o n

Prefs
sentence
Simple English 

Interlingual
representation

Analyzer of lexical
nuances (English)

sentence    

Figure 4:The architecture of Test1 and Test2
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English (n.): mistake, blooper, blunder, boner, contretemps, error, faux pas, goof, slip,
solecism
French: erreur, égarement, illusion, aberration, malentendu, mécompte, bévue, bêtise,
blague, gaffe, boulette, brioche, maldonne, sophisme, lapsus, méprise

English (n.): alcoholic, boozer, drunk, drunkard, lush, sot
French: ivrogne, alcoolique, intempérant, dipsomane, poivrot,pochard, sac à vin,
soûlard, soûlographe, éthylique, boitout, imbriaque

English (v.): leave, abandon, desert, forsake
French: abandonner, délaisser, déserter, lâcher, laisser tomber, planter là, plaquer, livrer,
céder

English (n.): opponent, adversary, antagonist, competitor, enemy, foe, rival
French: ennemi, adversaire, antagoniste, opposant, détracteur

English (adj.): thin, lean, scrawny, skinny, slender, slim, spare,svelte, willowy
French: mince, élancé, svelte, flandrin, grêle, fluet, effilé, fuselé, pincé

English (n.): lie, falsehood, fib, prevarication, rationalization, untruth
French: mensonge, menterie, contrevérité, hâblerie, vanterie, fanfaronnade, craque,
bourrage de crâne

Figure 5:Near-synonyms used in the evaluation of Xenon (Test2,3,4)

isi.edu/natural-language/download/hansard/). Xenon should generate an English
sentence that contains an English near-synonym that best matches the nuances
of the initial French near-synonym. If Xenon chooses exactly the English near-
synonym used in the parallel text, this means that Xenon’s behaviour was correct.
This is a conservative evaluation measure, because there are cases in which more
than one translation is correct.

The French–English translation experiments take French sentences (that con-
tain near-synonyms of interest) and their equivalent English translations. We can
assume that the interlingual representation is the same forthe two sentences.
Therefore, we can use the interlingual representation for the English sentence to
approximate the interlingual representation for the French sentence. As depicted
in Figure 6, the interlingual representation is produced using an existing tool
that was previously used by Langkilde-Geary (2002) inHALogen’s evaluation
experiments. In order to use this input construction tool, we parsed the English

English

sentence

sentence

French

Parser

(French)

X
 e n o nPrefs

IL

Analyzer of lexical nuances

Input construction tool
English    
sentence         

Figure 6:The architecture of Test3 and Test4, the French-to-Englishpart
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English

(English)
Analyzer of lexical nuances
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 e n o nPrefs

ILInput construction toolParser

sentence
English   
sentence              

Figure 7:The architecture of Test3 and Test4, the English-to-English part

sentences with Charniak’s parser (Charniak 2000), and we annotated the sub-
jects in the parse trees. In the interlingual representation produced by the input
construction tool we replaced the near-synonym with the corresponding meta-
concept. For Test4, the baseline is much higher because of the way the test data
was collected. The analyzer of French nuances from Figure 6 needs to extract
nuances from aLKB of French synonyms. We created by hand aLKB for six
clusters of French near-synonyms, from two paper dictionaries of French syn-
onyms, (Bénac 1956) and (Bailly 1973).

A similar experiment, translating not from French into English but from En-
glish into English via the interlingual representation, isuseful for evaluation pur-
poses. An English sentence is processed to obtain its semantic representation
(and the near-synonym is replaced with a meta-concept), andthe lexical nuances
of the near-synonym are fed as preferences to Xenon. Ideally, the same near-
synonym as in the original sentence would be chosen by Xenon.The percentage
of times this happens is an evaluation measure. The architecture of these experi-
ments is presented in Figure 7.

Test4 is similar to Test3, but instead of having one sentencefor a near-
synonym, it contains all the sentences in a given fragment ofHansard (4 Megabytes
of House debates) in which words of interest occurred. Therefore, Test4 has the
advantage of containing naturally occurring text, not artificially selected sen-
tences. It has the disadvantage of lacking those near-synonyms in the test set
that are less frequent. The English and French near-synonyms used in Test3 and
Test4 are the ones presented in Figure 5.

In order to measure the baseline (the performance that can beachieved with-
out using theLKB of NS), we ran Xenon on all the test cases, but this time with
no input preferences. Some of the choices could be correct solely because the
expected near-synonym happens to be the default one.

The results of the evaluation experiments are presented in Table 2. The sec-
ond column shows the number of test cases. The column named “Correct” shows
the number of answers considered correct. The column named “Ties” shows the
number of ties, that is, cases when the expected near-synonym had weight 1.0,
but there were other near-synonyms that also had weight 1.0,because they hap-
pen to have the same nuances in theLKB of NS. In such cases, Xenon cannot
be expected to make the correct choice. More precisely, the other choices are
equally correct, at least as far as Xenon’sLKB is concerned. Therefore, the
accuracies computed without considering these cases (the seventh column) are
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Experiment No. Correct Cor- Ties Base- Accuracy Acc.
of by rect line (no ties) (total)

cases default % % %
Test1 Simple, dev. 32 5 27 4 15.6 84.3 96.8
Test2 Simple, test 43 6 35 5 13.9 81.3 93.0
Test3 Fr-En, test 14 5 7 2 35.7 50.0 64.2
Test3 En-En, test 14 5 14 0 35.7 100 100
Test4 Fr-En, test 50 37 39 0 76.0 78.0 78.0
Test4 En-En, test 50 37 49 0 76.0 98.0 98.0

Table 2:Xenon evaluation experiments and their results

underestimates of the real accuracy of Xenon. The eighth column presents accu-
racies while taking the ties into account, defined as the number of correct answers
divided by the difference between the number of cases and thenumber of ties.

There are two reasons to expect Xenon’s accuracy to be less then 100%.
The first is that there are cases in which two or more near-synonyms get an equal,
maximal score because they do not have any nuances that differentiate them (ei-
ther they are perfectly interchangeable, or theLKB of NSdoes not contain enough
knowledge) and the one chosen is not the expected one. The second reason is
that sometimes Xenon does not choose the expected near-synonym even if it is
the only one with maximal weight. This may happen becauseHALogen makes
the final choice by combining the weight received from the near-synonym choice
module with the probabilities from its language model. Frequent words may have
high probabilities in the language model. If the expected near-synonym is very
rare, its probability is very low. When combining the weights with the probabil-
ities, a frequent near-synonym may win even if it has a lower weight assigned
by the near-synonym choice module. In such cases, the default near-synonym
(the most frequent of the cluster) wins. Sometimes such a behaviour is justified,
because there may be other constraints that influenceHALogen’s choice.

Table 2 also includes the results for the baseline experiments. For Test1 and
Test2 the baseline is much lower than Xenon’s performance. For example, for
Test1, Xenon achieves 96.8% accuracy, while the baseline is15.6%. An excep-
tion is the baseline for Test4, which is high (76%), due to theway the test data
was collected: it contains sentences with frequent near-synonyms, which happen
to be the ones Xenon chooses by default in the absence of inputpreferences. For
Test3 and Test4 the baseline is the same for the French and English experiments
because there no nuances were used.

Another way to measure the performance of Xenon is to measurehow many
times it makes appropriate choices that cannot be made byHALogen, that is,
cases that make good use of the nuances from theLKB of NS. This excludes the
test cases with default near-synonyms, for which Xenon makes the right choice
due to the language model. It also excludes the cases of ties when Xenon cannot
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make a choice. For the experiments with only English near-synonyms, Xenon is
performing very well, managing to make correct choices thatcannot be made by
default. Accuracies vary from 92.3% to 100%. For the experiments involving
both French and English experiments, Xenon makes only a few correct choices
that cannot be made by default. This is due to the fact that there is some over-
lap in nuances between French and English synonyms, but mostof the overlap
happens for the near-synonyms that are defaults.

8 Conclusion

Xenon can successfully choose the near-synonym that best matches a set of input
preferences. In recent work, we extended the near-synonym choice to take into
account the collocational behaviour of the near-synonyms.

Acknowledgments. We thank Irene Langkilde-Geary for useful discussions and for
making the input construction tool available. We thank PhilEdmonds for making avail-
able the source code of I-Saurus. Our work is financially supported by the Natural Sci-
ences and Engineering Research Council of Canada.

REFERENCES
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Fast and Accurate Part–of–Speech Tagging:
The SVM Approach Revisited

JESÚS GIM ÉNEZ & L LUÍS M ÀRQUEZ

Technical University of Catalonia

Abstract
A very simple and effective part-of-speech tagger based on Support Vector
Machines (SVMT) is presented. Simplicity and efficiency are achieved by
working with linear separators in the primal formulation ofSVM, using a
greedy tagging scheme. By means of a rigorous experimental evaluation,
we conclude that the proposedSVM-based tagger is robust and flexible
for feature modelling, trains efficiently with almost no parameters to tune,
and is able to tag thousands of words per second, which makes it suitable
for real applications. Regarding accuracy, theSVM tagger significantly
outperforms theTnT tagger, and achieves an accuracy of 97.2% on theWSJ

corpus, which is comparable to the best taggers reported up to date.

1 Introduction

Automatic part–of–speech (POS) tagging is the task of determining the mor-
phosyntactic category of each word in a given sentence. It isa very well-known
problem that has been addressed by many researchers for the last decades. It is
a fundamentalproblem in the sense that almost allNLPapplications need some
kind of POS tagging previous to construct more complex analysis and it is per-
manentlyon–fashionsince current applications demand an efficient treatment of
more and more quantities of text.

In the recent literature, we can find several approaches toPOS tagging based
on statistical and machine learning techniques, includingamong many others:
Hidden Markov Models (Brants 2000), Maximum Entropy (Ratnaparkhi 1996),
Transformation–based learning (Brill 1995), Memory–based learning (Daele-
mans et al. 1996), Decision Trees (Màrquez et al. 1999), AdaBoost (Abney et
al. 1999), and Support Vector Machines (Nakagawa et al. 2001). Most of the
previous taggers have been evaluated on the EnglishWSJcorpus, using the Penn
Treebank set ofPOS categories and a lexicon constructed directly from the an-
notated corpus. Although the evaluations were performed with slight variations,
there was a wide consensous in the late 90’s that the state–of-the–art accuracy
for EnglishPOS tagging was between 96.4% and 96.7%. The most widespread
taggers in theNLP community have been theHMM–basedTnT tagger (Brants
2000), the Transformation–based learning (TBL) tagger (Brill 1995), and several
variants of the Maximum Entropy (ME) approach (Ratnaparkhi 1996).TnT is
an example of a really practical tagger forNLP applications. It is available to
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anybody, simple and easy to use, considerably accurate, andextremely efficient.
In the case ofTBLand ME approaches, the great success has been due to the
flexibility they offer in modelling contextual information.

Far from being considered a closed problem, researchers have tried to im-
prove results during last years. Either by introducing morecomplexHMM mod-
els (Lee et al. 2000), or by enriching the feature set in aME tagger (Toutanova
& Manning 2000), or by using more effective learning techniques: SVM (Nak-
agawa et al. 2001), a Voted–Perceptron–based training of aME model (Collins
2002), and Cyclic Dependency Networks (Toutanova et al. 2003). The state–of–
the–art accuracy was raised up to 96.9%–97.2% on the sameWSJ corpus. In a
complementary direction, other researchers suggested thecombination of several
pre-existing taggers under several alternative voting schemes (Brill & Wu 1998,
van Halteren et al. 1998). The accuracy of these taggers was also around 97.2%.

We propose to go back to theTnT philosophy(i.e., simplicity and efficiency
with state–of–the–art accuracy) but within theSVM learning framework. We
claim that theSVM–based tagger introduced in this work fulfills the requirements
for being a practical tagger and offers a very good balance ofthe following prop-
erties. (1)Simplicity: the tagger is easy to use and has few parameters to tune;
(2) Flexibility and robustness: rich context features can be efficiently handled
without overfitting problems, allowing lexicalization; (3) High accuracy: the
SVM–based tagger performs significantly better thanTnT and achieves an accu-
racy competitive to the best current taggers; (4)Efficiency: training on theWSJ

is performed in around oneCPU hour and the tagging speed allows a massive
processing.

It is worth noting that theSVM paradigm has been already applied to tagging
in a previous work (Nakagawa et al. 2001), with the focus on the guessing of
unknown word categories. The final tagger constructed in that paper gave a clear
evidence that theSVM approach is specially appropriate for the second and third
of the previous points, the main drawback being a low efficiency (a running speed
of around 20 words per second was reported). We overcome thislimitation by
working with linear kernels in the primal setting of theSVM framework taking
advantage of the extremely sparsity of example vectors. Theresulting tagger is as
accurate as that of (Nakagawa et al. 2001) but 60 times fasterin a Perl prototype.

2 Support Vector Machines

SVM is a machine learning algorithm for binary classification, which has been
successfully applied to a number of practical problems, including NLP. See
(Cristianini & Shawe–Taylor 2000) for a good introduction.

Let f(x1; y1); : : : ; (xN ; yN)g be the set ofN training examples, where each
instancexi is a vector inRM andyi 2 f�1;+1g is the class label. In their basic
form, aSVM learns a linear hyperplane that separates the set of positive examples
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from the set of negative examples withmaximal margin(the margin is defined as
the distance between the hyperplane and the nearest of the positive and negative
examples). This learning bias is a heuristic intended to minimize the bound on
generalization error.

The linear separator is defined by two elements: a weight vector w and
a bias termb. Given a new examplex, the classification rule of aSVM issgn(f(x;w; b)), wheref(x;w; b) = hw � xi + b. In the linearly separable
case, learning the maximal margin hyperplane(w; b) can be stated as a convex
quadratic optimization problem with a unique solution:minimizejjwjj, subject
to the constraints(one for each training example):yi(hw � xi) + b) � 1.

TheSVM model has an equivalent dual formulation, characterized bya weight
vector� and a biasb. In this case,� contains one weight for each training
vector, indicating the importance of this vector in the solution. Vectors with
non null weights are calledsupport vectors. The dual classification rule is:f(x;�; b) = PNi=1 yi�ihxi � xi + b, and the� vector can be calculated also
as a quadratic optimization problem. Given the optimal�� vector of the dual
quadratic optimization problem, the weight vectorw� that realizes the maximal
margin hyperplane is calculated asw� =PNi=1 yi��ixi.
Theb� has also a simple expression in terms ofw� and the training examples.

The advantage of the dual formulation is that it permits an efficient learning
of non–linearSVM separators, by introducingkernel functions. A kernel func-
tion calculates a dot product between two vectors that have been (non linearly)
mapped into a high dimensional feature space. In spite of thehigh dimensional-
ity of the real feature space, the training is still feasible, since there is no need to
perform this mapping explicitly.

In the presence of outliers and wrongly classified examples it may be useful
to allow some training errors in order to avoid overfitting. This is achieved by
a variant of the optimization problem, referred to assoft margin, in which the
contribution of errors to the objective function of margin maximization can be
balanced through the use of theC parameter.

3 Problem setting

Tagging a word in context is a multi–class classification problem. We have ap-
plied a simpleone–per–classbinarization, i.e., aSVM is trained for every part–
of–speech in order to distinguish between examples of this class and all the rest.
When tagging a word the most confident tag according to the predictions of all
SVMs is selected.

However, not all training examples have been considered forall classes. In-
stead, a dictionary is extracted from the training corpus with all possible tags for
each word, and when considering the occurrence of a trainingwordw tagged asti, this example is used as a positive example for classti and a negative exam-
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word unigrams, w�3; w�2; w�1; w0; w+1; w+2; w+3;
bigrams and (w�2; w�1); (w�1; w+1); (w�1; w0); (w0; w+1); (w+1; w+2);
trigrams (w�3; w�2; w�1); (w�2; w�1; w0); (w�2; w�1; w+1);(w�1; w0; w+1); (w�1; w+1; w+2); (w0; w+1; w+2)
POSunigrams, bigrams p�3; p�2; p�1; (p�2; p�1); (p�1; a+1); (a+1; a+2)
and trigrams (p�3; p�2; p�1); (p�2; p�1; a+1); (p�1; a+1; a+2)
ambiguity classes, maybe’s a0; a1; a2; a3;m0;m1;m2;m3

Table 1:Feature patterns used to codify examples

ple for all othertj classes appearing as possible tags forw in the dictionary. In
this way, we avoid the generation of excessive (and irrelevant) negative exam-
ples, and we make the training step faster. In the following sections we will see
how a 635,000 word corpus generates training sets of about 20,000 examples on
average, instead of 635,000.

Each example has been codified on the basis of thelocal contextof the word
to be disambiguated. We have considered a centered window ofseven tokens,
in which some basic andn–gram patterns are evaluated to form binary features
such as: “previousword is the ”, “two preceedingtagsare DT NN”, etc. Table
1 contains the list of all patterns considered.

As it can be seen, the tagger is lexicalized and all word formsappearing
in window are taken into account. Since a very simple left–to–right tagging
scheme will be used, word tags are not known at running time. Following the
approach of (Daelemans et al. 1996) we use the more generalambiguity–class
tag for the right context words, which is a label composed by the concatenation
of all possible tags for the word (e.g.,IN-RB , JJ-NN , etc.). Each of the indi-
vidual tags of an ambiguity class is also taken as a binary feature of the form
“following word may be a VBZ”. We avoid thetwo passessolution proposed in
(Nakagawa et al. 2001), in which a first tagging is performed in order to have
right contexts disambiguated for the second pass. They suggested to replace the
use of explicitn–gram features by applying polynomial kernels. However, since
we are interested in working with a linear kernel, we have included them in the
feature set.

4 Experiments

The Wall Street Journal data from the Penn Treebank III has been used as the
benchmark corpus. We have randomly divided this 1,17 million word corpus
into three subsets: training (60%), validation (20%) words, and test (20%). All
the tagging experiments reported are evaluated on the complete test set. The
validation set has been used to optimize parameters. The Penn Treebank tagset
contains 48 tags. However, after compiling training examples in the way ex-
plained in section 3, only 34 of them receive positive and negative examples.
Thus, only 34SVM classifiers have to be trained in the binarized setting. The 14
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model acc. #sv ltimed = 1, fs1 93.50% 3,472.47 44’:48”d = 2, fs1 93.91% 4,385.56 4h:10’:19”d = 3, fs1 93.47% 6,040.59 5h:35’:30”d = 4, fs1 92.78% 8,196.74 7h:23’:07”d = 1, fs2 93.84% 3,532.44 1h:21’:14”d = 2, fs2 93.67% 4,935.74 5h:38’:48”

Table 2:Accuracy results on ambiguous words of alternativeSVMTmodels

unambiguoustags correspond to punctuation marks, symbols, and the categories
TOandWP$.

4.1 Linear vs. polynomial kernels

So as to evaluate the effect of the kernel in the training process and in the gen-
eralization accuracy, we have trained severalSVM classification models with the
whole 635k word training set by varying the degree (d) of the polynomial ker-
nel and the feature set (fs). The software package used in all the experiments
reported wasSVMlight.1 A very simple frequency threshold was used to filter out
unfrequent features. In particular, we have discarded features that occur less thann times, wheren � 2 is the minimum number so that the total amount of features
is not greater than 100,000. When training, the setting of theC parameter has
been left to its default value. In the following subsectionswe will see how the
optimization of this parameter leads to a small improvementin the final tagger,
being theSVM algorithm quite robust with respect to parameterization.

Results obtained when classifying the ambiguous words in the test set are
presented in Table 2. ‘#sv’ stands for the average number of support vectors
per tag and ‘ltime’ is the CPU training time. This test has been performed in
a batchmode, that is, examples of ambiguous words are taken separately, and
the features involving thePOS tags of the left contexts are calculated using the
correct POStag assignment of the corpus.

When using the set of atomic features (fs1), the best results are obtained with
a degree 2 polynomial kernel (93.91%). Greater degrees produce overfitting,
since the number of support vectors highly increases and theaccuracy decreases.

When using then-gram extended set of features (fs2), the linear kernel im-
proves from 93.50% to 93.84% and becomes really competitiveto the degree 2
polynomial kernel onfs1 (93.90%). Actually, it is clearly preferable due to the
higher sparsity of the solution and the shorter learning time. Interestingly, the
advantage of the extended set of features is only noticeablein the case of the
linear kernel, since accuracy decreases when used with the degree 2 polynomial
kernels.1 TheSVMlight software is freely available athttp://svmlight.joachims.org .
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words amb.% all% #exs #feat. #sv #xi #w l time t time
50k 90.53 96.27 1,572.1 38,613 500.4 38.00 3,339.4 05’:12” 3’:21”
100k 91.90 96.81 3,141.8 72,030 879.8 38.03 5,552.2 10’:52”3’:26”
200k 92.71 97.13 6,237.8 50,699 1,424.4 38.02 5,911.0 21’:26” 3’:26”
300k 93.15 97.29 9,371.4 72,988 1,959.0 38.01 7,833.8 34’:16” 3’:33”
400k 93.45 97.40 12,501.9 93,660 2,490.1 38.02 9,669.2 47’:07” 3’:36”
500k 93.67 97.48 15,672.4 89,179 2,935.4 38.04 10,102.8 1h:00’:12” 3’:38”
600k 93.74 97.52 17,875.2 86,273 3,218.9 38.04 10,297.5 1h:16’:15” 3’:36”
635k 93.84 97.56 19,951.6 90,517 3,556.1 38.04 11,041.6 1h:21’:14” 3’:37”

Table 3:Accuracy results ofSVMTunder the closed vocabulary assumption

As a conclusion, we can state that a linear kernel, with ann–gram based set of
basic features, suffices to obtain highly accurateSVM models relatively fast to
train. In the next section we will see how the linear solutionhas the additional
advantage of allowing to work in the primal setting with a very sparse vector of
weights. This fact is crucial to obtain a fast tagger.

4.2 Evaluating the SVM tagger

Hereafter we will focus only on the linearSVM model. In this experiment, the
POS tagger is tested in a more realistic situation, that is, performing a left–to–
right tagging of the sequence of words, with anon-line calculation of features
making use of the already assigned left-contextPOStags. Following the simplic-
ity and efficiency principles, a greedy left–to–right tagging scheme is applied, in
which no optimization of the tag sequence is performed at thesentence level. We
have implemented this firstPOS tagger prototype in Perl-5.0, which will be re-
ferred to asSVMT. TheSVM dual representation based on a set of support vectors
output bySVMlight is converted into the primal form(w; b) using the equation
explained in section 2.

The tagger has been tested under theclosed vocabulary assumption, in which
no unknown words are considered. This is simulated by directly including in the
dictionary the words of the test set that do not occur in the training set. The
results obtained by increasing sizes of the training set arepresented in Table 3.
‘amb.’ and ‘all’ columns contain accuracy achieved on ambiguous words and
overall, respectively. ‘#exs’ and ‘#sv’ stand for the average number of examples
and support vectors perPOS tag, ‘#feat.’ for the total number of binary features
(after filtering), ‘#xi’ for the average number of active features in the training
examples, and ‘#w’ for the average number of dimensions of the weight vectors.
‘l time’ and ‘t time’ refer to learning and tagging time. Learning and tagging
times are also graphically presented in Figure 1.2

As it could be expected, the accuracy of the tagger grows withthe size of the
training set, presenting a logarithmic behaviour. Regarding efficiency, it can be2 Experiments were performed using a 2Ghz Pentium-IV processor with 1Gb ofRAM.
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Figure 1:Learning and tagging time plots of SVMT by increasing sizes of the training set

observed (Figure 1, left plot) that training time is almost linear with respect to
the number of examples of the training set. Besides, the compression of theSVM

model with respect to the training set also increases with the training set size, and
goes from 68.17% (from 1572.1 examples to 500.4 support vectors) to 82.18%
(from 19,951.6 examples to 3,556.1 support vectors). However, this compression
level would not permit an efficient tagger in the dual form, since thousands of
dot products would be needed to classify each word. More interestingly, the
model in primal form is quite compact since the weight vectors, resulting from
compacting all support vectors, contains no more than 11,000 features among
the 90,000 possible features. Provided that the test examples are very sparse,
the classification rule is very efficient, since a single dot product with a sparse
vector is needed to classify each word. Basing this dot product on the non null
dimensions of the example to classify, the tagging time can be mantained almost
invariant (see Figure 1, right plot).

4.3 Including unknown words

The tagger results presented in the previous section are still not realistic, since
we can not assume a closed vocabulary. In order to deal with this problem we
have developed aSVM-based model to recognize unknown words. Unknown
words are treated as ambiguous words with all possiblePOS tags corresponding
to open-class words (18 in the Penn Treebank tagset), but specializedSVMs are
learned with particular features to disambiguate among thePOStags of unknown
words. The approach is similar to that of (Nakagawa et al. 2001) and the features
used, which are presented in table 4, are inspired in (Brill 1995, Màrquez et
al. 1999, Nakagawa et al. 2001) and consist of ortographic information such as
prefixes, suffixes, capitalization, etc.

Results obtained are presented in Table 5. ‘known’ and ‘unk.’ refer to the
subsets of known and unknown words respectively, ‘amb’ to the subset of am-
biguous known words, and ‘all’ to the overall accuracy. The labelSVMT+ corre-



160 JESÚS GIMÉNEZ & LLUÍS MÀRQUEZ

All features for known words (see table 1)
prefixes s1, s1s2, s1s2s3; s1s2s3s4
suffixes sn, sn-1sn, sn-2sn-1sn; sn-3sn-2sn-1sn
begins with Upper Case yes/no
all Upper Case yes/no
all Lower Case yes/no
contains a Capital Letter
not at the beginning yes/no
contains more than one Capital
Letter not at the beginning yes/no
contains a period yes/no
contains a number yes/no
contains a hyphen yes/no
word length integer

Table 4:Feature templates for unknown words

system amb. known unk. all
TnT 92.2% 96.9% 84.6% 96.5%
SVMT 93.6% 97.2% 83.5% 96.9%
SVMT+ 94.1% 97.3% 83.6% 97.0%

Table 5:Accuracy results ofSVMTcompared toTnT

sponds to the case in which theC parameter has been tuned.3

Similar to the previous section the results obtained by theSVMT clearly out-
perform the results ofTnT tagger and they are comparable to the accuracy of
the best current taggers (which range from 96.9% to 97.1%). Again, the tuning
of theC parameter provides a small increase of performance, but at acost of
increasing the training time to almost 20CPU hours.

The Perl implementation ofSVMT+ model achieves a tagging speed of 1,335
words per second. Given the type of operations computed by the tagging al-
gorithm we fairly believe that a re-implementation inC++ could speed up the
tagger, making the efficiency valid for massive text processing. Of course, the
TnT tagger is still much more efficient, achieving a tagging speed of more than
50,000 words per second on the same conditions.

5 Discussion

The work presented is closely related to (Nakagawa et al. 2001). In that paper, a
SVM–based tagger is presented and compared toTnT, obtaining a best accuracy
of 97.1% (when training from a 1 million word corpus). Apart from the training
set size, the main differences between both approaches are the following. Nak-
agawa’s work is focused on tagging unknown words. A certainly ad–hocproce-3 The C parameter value is 0.109 for known words and 0.096 for unknown words.
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dure is performed to tag the word sequence in two passes. In the first pass, the
tagger disambiguates the whole sentence and in the second pass, the previously
assigned tags are assumed correct in order to extract the right–context tag fea-
tures. This tagging overhead is also projected into training, since two versions,
with and without right–context tag features, must be trained. Additionally, it is
argued that one advantage of usingSVM is that it is not necessary to codifyn–
gram features, since polynomial kernels themselves succeed at doing this task.
Thus, they base their best tagger in a dual solution with degree 2 polynomial
kernels, instead of a linear separator in the primal setting.

Since they are using kernels andSVM classification in the dual setting, the
tagger simply can not be fast at running time. In particular,a tagging speed of
19.80 words per second (4 hours needed to tag a 285k word test set) is reported.
Training is also much more slower than ours (the time required for training from
a 100k word set is about 16.5 hours), probably due to the way inwhich they
select training examples for eachPOS.

6 Conclusions and future work

In this work we have presented aSVM–basedPOS tagger suitable for real appli-
cations, since it provides a very good balance of several good properties forNLP

tools:simplicity, flexibility, high performance, and efficiency. The next step we
plan to do is to re-implement the tagger inC++ to significantly increase efficiency
and to provide a software package for public use.4

Regarding the study of theSVM–approach some issues deserve further in-
vestigation. First, the learning model for unknown words experimented so far is
preliminary and we think that can be clearly improved. Second, we have applied
the simplest greedy tagging scheme. SinceSVM predictions can be converted
into confidence values, a natural extension would be to consider a sentence–level
tagging model in which the confidence value of the whole sentence assignment
is maximized. Finally, unsupervised learning techniques are being studied and
implemented so as to allowSVMT to be suitable for languages for which no la-
beled data is available.
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Abstract
We use a Dynamic Bayesian Network (DBN) to represent compactly a va-
riety of sublexical and contextual features relevant to Part-of-Speech (POS)
tagging. The outcome is a flexible tagger (LegoTag) with state-of-the-art
performance (3.6% error on a benchmark corpus). We explore the effect
of eliminating redundancy and radically reducing the size of feature vo-
cabularies. We find that a small but linguistically motivated set of suffixes
results in improved cross-corpora generalization. We alsoshow that a min-
imal lexicon limited to function words is sufficient to ensure reasonable
performance.

1 Part-of-Speech Tagging

Many NLP applications are faced with the dilemma whether to use statistically
extracted or expert-selected features. There are good arguments in support of
either view. Statistical feature selection does not require extensive use of human
domain knowledge, while feature sets chosen by experts are more economical
and generalize better to novel data.

Most currently availablePOSperform with a high degree of accuracy. How-
ever, it appears that the success in performance can be overwhelmingly attributed
to an across-the-board lexicalization of the task. Indeed,Charniak, Hendrickson,
Jacobson & Perkowitz (1993) note that a simple strategy of picking the most
likely tag for each word in a text leads to 90% accuracy. If so,it is not surpris-
ing that taggers using vocabulary lists, with number of entries ranging from 20k
to 45k, perform well. Even though a unigram model achieves anoverall accu-
racy of 90%, it relies heavily on lexical information and is next to useless on
nonstandard texts that contain lots of domain-specific terminology.

The lexicalization of thePOS tagging task comes at a price. Since word lists
are assembled from the training corpus, they hamper generalization across cor-
pora. In our experience, taggers trained on the Wall Street Journal (WSJ) perform
poorly on novel text such as email or newsgroup messages (a.k.a. Netlingo). At
the same time, alternative training data are scarce and expensive to create. This
paper explores an alternative to lexicalization. Using linguistic knowledge, we
construct a minimalist tagger with a small but efficient feature set, which main-
tains a reasonable performance across corpora.
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A look at the previous work on this task reveals that the unigram model is at the
core of even the most sophisticated taggers. The best-knownrulebased tagger
(Brill 1994) works in two stages: it assigns the most likely tag to each word in
the text; then, it applies transformation rules of the form “Replace tag X by tag Y
in triggering environment Z”. The triggering environmentsspan up to three se-
quential tokens in each direction and refer to words, tags orproperties of words
within the region. The Brill tagger achieves less than 3.5% error on the Wall
Street Journal (WSJ) corpus. However, its performance depends on a compre-
hensive vocabulary (70k words).

Statistical tagging is a classic application of Markov Models (MMs). Brants
(2000) argues that second-orderMMs can also achieve state-of-the-art accuracy,
provided they are supplemented by smoothing techniques andmechanisms to
handle unknown words. TnT handles unknown words by estimating the tag
probability given the suffix of the unknown word and its capitalization. The
reported 3.3% error for Trigrams ’n Tags (TnT) tagger on theWSJ (trained on106 words and tested on104) appears to be a result of overfitting. Indeed, this is
the maximum performance obtained by training TnT until only2.9% of words
are unknown in the test corpus. A simple examination ofWSJ shows that such
percentage of unknown words in the testing section (10% ofWSJ corpus) re-
quires simply building a unreasonably large lexicon of nearly all (about 44k)
words seen in the training section (90% ofWSJ), thus ignoring the danger of
overfitting. HiddenMMs (HMMs) are trained on a dictionary with information
about the possiblePOSof words (Jelinek 1985; Kupiec 1992). This meansHMM

taggers also rely heavily on lexical information.
Obviously,POStags depend on a variety of sublexical features, as well as on

the likelihood of tag/tag and tag/word sequences. In general, all existing taggers
have incorporated such information to some degree. The Conditional Random
Fields (CRF) model (Lafferty, McCallum & Pereira 2002) outperforms theHMM

tagger on unknown words by extensively relying on orthographic and morpho-
logical features. It checks whether the first character of a word is capitalized or
numeric; it also registers the presence of a hyphen and morphologically relevant
suffixes (˜ed,˜ly,˜s,˜ion,˜tion,˜ity,˜ies). The authors note thatCRF-based tag-
gers are potentially flexible because they can be combined with feature induction
algorithms. However, training is complex (AdaBoost + Forward-backward) and
slow (103 iterations with optimized initial parameter vector; failsto converge
with unbiased initial conditions). It is unclear what the relative contribution of
features is in this model.

The Maximum Entropy tagger (MaxEnt, see Ratnaparkhi 1996) accounts for
the joint distribution ofPOS tags and features of a sentence with an exponential
model. Its features are along the lines of theCRF model:
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(1) Capitalization: Does the token contain a capital letter?;
(2) Hyphenation: Does the token contain a hyphen?;
(3) Numeric: Does the token contain a number?;
(4) Prefix: Frequent prefixes, up to 4 letters long;
(5) Suffix: Frequent suffixes, up to 4 letters long;

In addition, Ratnaparkhi uses lexical information on frequent words in the con-
text of five words. The sizes of the current word, prefix, and suffix lists were
6458, 3602 and 2925, respectively. These are supplemented by special Previous
Word vocabularies. Features frequently observed in a training corpus are se-
lected from a candidate feature pool. The parameters of the model are estimated
using the computationally intensive procedure of Generalized Iterative Scaling
(GIS)to maximize the conditional probability of the training set given the model.
MaxEnt tagger has 3.4% error rate. Our investigation examines how much lex-
ical information can be recovered from sublexical features. In order to address
these issues we reuse the feature set of MaxEnt in a new model,which we sub-
sequently minimize with the help of linguistically motivated vocabularies.

2 POS tagging Bayesian net

Our tagger combines the features suggested in the literature to date into a Dy-
namic Bayesian Network (DBN). We briefly introduce the essential aspects of
DBNs here and refer the reader to a recent dissertation(Murphy 2002) for an ex-
cellent survey. ADBN is a Bayesian network unwrapped in time, such that it
can represent dependencies between variables at adjacent time slices. More for-
mally, a DBN consists of two modelsB0 andB+, whereB0 defines the initial
distribution over the variables at time0, by specifying:� set of variablesX1; : : : ; Xn;� directed acyclic graph over the variables;� for each variableXi a table specifying the conditional

probability ofXi given its parents in the graphPr(XijParfXig).
The joint probability distribution over the initial state is:Pr(X1; :::; Xn) = nY1 Pr(XijParfXig)
The transition modelB+ specifies the conditional probability distribution (CPD)
over the state at timet given the state at timet�1. B+ consists of:� directed acyclic graph over the variablesX1; : : : ; Xn and their predeces-

sorsX�1 ; : : : ; X�n — roots of this graph;� conditional probability tablesPr(XijParfXig) for all Xi (but notX�i ).
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The transition probability distribution is:Pr(X1; :::; Xn���X�1 ; :::; X�n ) = nY1 Pr(XijParfXig)
Between them,B0 andB+ define a probability distribution over the realizations
of a system through time, which justifies calling theseBNs “dynamic”. In our
setting, the word’s index in a sentence corresponds to time,while realizations of a
system correspond to correctly tagged English sentences. Probabilistic reasoning
about such system constitutes inference.

Standard inference algorithms forDBNs are similar to those forHMMs. Note
that, while the kind ofDBN we consider could be converted into an equivalent
HMM , that would render the inference intractable due to a huge resulting state
space. In aDBN, some of the variables will typically be observed, while others
will be hidden. The typical inference task is to determine the probability distri-
bution over the states of a hidden variable over time, given time series data of
the observed variables. This is usually accomplished usingthe forwardbackward
algorithm. Alternatively, we might obtain the most likely sequence of hidden
variables using the Viterbi algorithm. These two kinds of inference yield re-
sulting POS tags. Note that there is no need to use “beam search” (cf. Brants
2000).

Learning the parameters of aDBN from data is generally accomplished using
the EM algorithm. However, in our model, learning is equivalent to collecting
statistics over cooccurrences of feature values and tags. This is implemented in
GAWK scripts and takes minutes on theWSJ training corpus. Compare this to
GIS or IIS (Improved Iterative Scaling) used by MaxEnt. In largeDBNs, exact
inference algorithms are intractable, and so a variety of approximate methods
has been developed. However, as we explain below, the numberof hidden state
variables in our model is small enough to allow exact algorithms to work. For
the inference we use the standard algorithms, as implemented in the Bayesian
network toolkit (BNT, see Murphy 2002).

We base our originalDBN on the feature set of Ratnaparkhi’s MaxEnt: the
set of observable nodes in our network consists of the current word Wi, a set
of binary variablesCi, Hi andNi (for Capitalization, Hyphen and Number) and
multivalued variablesPi andSi (for Prefix and Suffix), where the subscripti
stands for position index. There are two hidden variables:Ti andMi (POS and
Memory). Memory represents contextual information about the antepenultimate
POS tag. A special value of Memory (“Start”) indicates the beginning of the
sentence. ThePOS values are45 tags of the Penn Treebank tag set (Marcus,
Kim, Marcinkiewicz, MacIntyre, Bies, Ferguson, Katz & Schasberger 1994).

Figure 1 represents dependencies among the variables. Clearly, this model
makes a few unrealistic assumptions about variable independence and Markov
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Figure 1:DBN for PoStagging.

property of the sequence. Empirically this does not presenta problem. For the
discussion of these issues please see Bilmes (2003) who is using similar models
for speech recognition. Thus, probability of a complete sequence ofPOS tagsT1 : : : Tn is modeled as:Pr(T1 : : : Tn) = Pr(T1)�Pr(F1jT1)�Pr(T2jT1; Start)�Pr(F2jT2)�Pr(M2jT1)�Qn�1i�3 Pr(TijTi�1;Mi�1)� Pr(MijTi�1;Mi�1)� Pr(FijTi)� Pr(TnjTn�1;Mn�1)� Pr(FnjTn),
whereFi is a set of features at indexi 2 [1::n℄ and:Pr(FijTi)=Pr(SijTi)�Pr(PijTi)�Pr(WijTi)�Pr(CijTi)�Pr(HijTi)�Pr(NijTi)
These probabilities are directly estimated from the training corpus.

3 Experiments and Results

We use sections 0-22 ofWSJ for training and sections 23, 24 as a final test set.
The same split of the data was used in recent publications (Toutanova & Man-
ning 2002; Lafferty, McCallum & Pereira 2001) that report relatively high per-
formance on out-of-vocabulary (OoV) items. The test sections contain 4,792
sentences out of about 55,600 total sentences inWSJcorpus. The average length
of a sentence is 23 tokens. The Brown corpus is another part ofUPenn TreeBank
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dataset, which is of a similar size toWSJ (1,016,277 tokens) but quite different
in style and nature. The Brown corpus has substantially richer lexicon and was
chosen by us to test the performance on novel text.

We begin our experiments by combining the original MaxEnt feature set into
a DBN we call LegoTag to emphasize its compositional nature. The initial net-
work achieves 3.6% error (see Table 1) and closely matches that of MaxEnt
(3.4%). Our first step is to reduce the complexity of our tagger because per-

Memory Features Error
(of values) Ave OoV Sen
Clustered (5) Unfactored 4:4 13:0 58:5
Clustered (5) Factored 3:9 10:8 55:8
Full (45) Factored 3:6 9:4 51:7

Table 1:Results for Full LegoTag onWSJ

forming inference on theDBN containing a conditional probability table of453
elements for Memory variable is cumbersome. At the cost of minor deterioration
in performance (3.9%, see Table 1), we compress the representation by cluster-
ing Memory values that predict similar distribution over Current tag values. The
clustering method is based on Euclidian distance between452 dimensional prob-
ability vectorsPr(TijTi�1). We perform agglomerative clustering, minimizing
the sparseness of clusters (by assigning a given point to thecluster whose far-
thest point it is closest to). As a result of clustering, the number of Memory
values is reduced nine times. Consequently, the conditional probability table of
Memory andPOSbecome manageable.

As a second step to simplification of the network, we eliminate feature re-
dundancy. We leave only the lowercase form of each word, prefix and suffix in
the respective vocabulary; remove numbers and hyphens fromthe vocabulary,
and use prefix, suffix and hyphen information only if the tokenis not in the lex-
icon. The size of the factored vocabularies for word, prefix and suffix is 5705,
2232 and 2420 respectively (a reduction of 12%, 38% and 17%).Comparing the
performance of LegoTag with factored and unfactored features clearly indicates
that factoring pays off (Table 1). Factored LegoTag is better on unknown words
and at the sentence level, as well as overall. In addition, factoring simplifies the
tagger by reducing the number of feature values. We report three kinds of re-
sults: overall error, error on unknown words (OoV), and per sentence error . Our
first result (Table 2) shows the performance of our network without the variable
Word. Even when all words in the text are unknown, sublexicalfeatures carry
enough information to tag almost 89% of the corpus. This success rate is essen-
tially the same as the success rate of the unigram tagger discussed by Charniak,
Hendrickson, Jacobson & Perkowitz (1993). However, note that the unigram
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Type of LegoTag Error
H N C P S W Ave OoV Sen+ + + + + � 11:3 11:3 84:0� � + � � + 6:1 30:6 69:0� � � � � + 9:3 47:6 77:7

Table 2:Results of de-lexicalized and fully lexicalized LegoTag for WSJ

tagger requires full knowledge of the vocabulary, which is unrealistic in most
situations.

To demonstrate this, we test two degenerate variants: one which relies only
on lexical information, and another which relies on lexicalinformation plus capi-
talization. Lexical information alone does very poorly on unknown words, which
comes to show that context alone is not enough to uncover the correctPOS.

We now turn to the issue of using the morphological cues inPOS tagging
and create a linguistically “smart” network (Smart LegoTag), whose vocabular-
ies contain a collection of function words, and linguistically relevant prefixes
and suffixes assembled from preparatory materials for the English language sec-
tion of college entrance examination (Scholastic AptitudeTest). For example,
the function word vocabulary contains all forms of the verb “be”, all question
markers (wh-words), modals, prepositions and some non-derived adverbs (like
“there”). The vocabularies are very small: 315, 100, and 72,respectively. The
percentage of unknown words depends on vocabulary size. Forthe large lexi-
con of LegoTag it is less than 12%, while for the Smart LegoTag(whose lexicon
contains only function words which are few but very frequent), it is around 50%.
In addition, two hybrid networks are created by crossing thesuffix set and word
lexicon of the Full LegoTag and Smart LegoTag.

The results for the Smart LegoTag, as well as for the Hybrid LegoTags are
presented in Table 3. They suggest that nonlexical information is sufficient to as-
sure a stable, albeit not stellar, performance across corpora. Smart LegoTag was
trained onWSJ and tested on bothWSJ and Brown corpora with very similar re-
sults. The sentence accuracy is generally lower for the Brown corpus than for the
WSJ corpus, due to the difference in average length. The Hybrid LegoTag with
big suffix set and small word lexicon was a little improvementover Smart Lego-
Tag alone. Notably, however, it is better on unknown words than Full LegoTag
on the Brown corpus.

The best performance across corpora was registered by the second Hybrid
LegoTag (with big word lexicon and small suffix set). This is avery interesting
result indicating that the nonlinguistically relevant suffixes in the big lexicon
contain a lot of idiosyncratic information about theWSJ corpus and are harmful
to performance on different corpora. Full LegoTag and SmartLegoTag encounter
qualitatively similar difficulties. Since function words are part of the lexicon of
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LegoTag Error Unkn Unkn
Ftrs WSJ Brown Wrd % Wrd %

Word Suff Ave OoV Sen Ave OoV Sen WSJ Brown5705 2420 3:9 10:0 55:4 10:1 23:4 67:9 11:6 15:45705 72 4:4 14:0 58:7 7:7 21:9 69:3315 2420 6:4 10:5 70:3 10:1 17:8 76:7 49:2 40:8315 72 9:6 17:1 82:2 11:4 22:3 82:9
Table 3:Results for Smart and Hybrid LegoTags

both networks, there is no significant change in the success rate over function
words. The biggest source of error for both is the noun/adjective (NN/JJ) pair
(19.3% of the total error for Smart LegoTag; 21.4% of the total error for Full
LegoTag). By and large, both networks accurately classify the proper nouns,
while mislabeling adverbs as prepositions and vice versa. The latter mistake
is probably due to inconsistency within the corpus (see Ratnaparkhi 1996 for
discussion). One place where the two networks differ qualitatively is in their
treatment of verbs. Smart LegoTag often mistakes bare verb forms for nouns.
This is likely due to the fact that a phrase involving “to” anda following word
can be interpreted either analogously to “to mom” (to +NN) or analogously to
“to go” (to + VB) in the absence of lexical information. Similar types of contexts
could account for the overall increased number of confusions of verb forms with
nouns with Smart LegoTag. On the other hand, Smart LegoTag ismuch better at
separating bare verb forms (VB) from present tense verbs (VBP) because it does
not rely on lexical information that is potentially confusing since both forms are
identical. However, it often fails to differentiate present verbs (VBP) from past
tense verbs (VBD), presumably because it does not recognize frequent irregular
forms. Adding irregular verbs to the lexicon may be a way of improving Smart
LegoTag.

4 Conclusion

DBNs provide an elegant solution toPOS tagging. They allow flexibility in se-
lecting the relevant features, representing dependenciesand reducing the number
of parameters in a principled way. Our experiments with aDBN tagger under-
line the importance of selecting an efficient feature set. The results clearly show
that eliminating redundancies in the feature vocabulariesimproves performance.
Furthermore, while maximal lexicalization can lead to a better score on one cor-
pus, it leads to overfitting. Our solution is to reduce lexicalization by relying on
sublexical features. This stratey leads to comparable performance on one corpus,
while mainting a higher capacity for generalization. Delexicalized taggers make
fewer errors on unknown words, which naturally results in more robust success
rate across corpora.
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The relevance of a given feature toPOS tagging varies across languages. For
example, languages with rich morphology would call for a greater reliance on
suffix/prefix information. Spelling conventions may increase the role of the Cap-
italization feature (e.g., German). In the future, we hope to develop methods for
automatic induction of efficient feature sets and adapt theDBN tagger to other
languages.
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Abstract
When accurately tagging corpora for training and testing automatic POS
taggers, research issues tend to focus on how to ensure the integrity and
consistency of the data produced. The issues we address hereare instead:
Provided that integrity and consistency are guaranteed, how to evaluate the
complexity and efficiency of different accurate tagging procedures?

1 Introduction

While for automatic tagging, both issues of efficiency and accuracy have been
addressed, for hand tagging, in turn, research tends to focus around the issue of
accuracy (Voutilainen 1999). This is understandable as it is full accuracy that is
sought by the hand tagging as this is its specific responsibility in the production
cycle of automatic taggers. However, efficiency is definitely also a relevant issue
here: provided integrity and consistency of the data can be ensured, what is the
most efficient way — requiring the least amount of time — to annotate a corpus
with full accuracy?

This question is not only relevant in itself but also becausethere is a growing
perception that the way to obtain better automatic taggers is to have larger train-
ing corpora than the ones that have been used so far. Results by Banko & Brill
(2001) suggest that the learning curve for machine learningtechniques used to
extract linguistic knowledge of various kinds, including for POS tagging, is log-
linear at least up to 1 billion tokens of training size. Moreover, for the specific
task studied in that paper, the best performing algorithm when the training size is
1 million tokens turns out to be the worst performing one whenthe training size
is increased by 3 orders of magnitude. These authors underline that this “sug-
gests that it may make sense for the field to concentrate considerably more effort
into enlarging our training corpora and addressing scalability issues, rather than
continuing to explore different learning methods applied to the relatively small
extent training corpora” (p.1).

As the motto becomes “the larger the better”, even if it will be possible to
design better techniques to compress training data, the need for massive hand
labelling not only does not disappear but increases given there seems to exist
no limit for the desirable increase of the size of accuratelylabelled corpora and
consequently for the increase of annotation labor.

The question about the efficiency of accurate tagging is thusrelevant. To
seek an answer for it, one needs a sensible methodology to objectively estimate
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the complexity of the manual tagging of a corpus; and to evaluate and rank major
procedures followed for accurately tagging corpora according to their complex-
ity.

2 An objective metric for annotation efficiency

An objective metric for tagging complexity has to be designed in to allow to de-
termine: With respect to a given corpus and two different annotation procedures,
which one is the most efficient; And with respect to a given annotation strat-
egy and two corpora (possibly at different stages of development), which corpus
implies the largest annotation complexity.

Such a metric has to measure what is essential for the complexity of the
annotation task and abstract away from contingent aspects.It has also to be
predictive in the sense that it should not need full or partial completion of an
annotating task for the complexity of this task to be known beforehand.

Asking a human, or a group of humans, to tag a portion of a corpus and
then registering the amount of time consumed by them will notdo. Not only
this fails to support a predictive viewpoint, as it does not abstract away from
nonessential aspects: Differently skilled annotators will take different amounts
of time to complete a task of the same size; different ergonomic environments
will induce different working rhythms, etc.

Abstracting away from contingent aspects, what remains as the essential di-
mension in the complexity of tagging is the number of decision steps required.
The number of decision steps to annotate a corpus is proportional to the number
of tokens that exist in that corpus to be annotated. It is alsoproportional to the
number of tags in the tag set, that is to the number of tags thathave to be ex-
cluded to determine the tag to be assigned (i.e., the size of the search space to
find the correct tag).

If stripped away from contingent details, hand annotation can be conceptu-
alised as the procedure performed by an agent using the following facilitating
tool: When in a given point of a corpus, the tool jumps to the next token to be
tagged, skipping over the tokens that need not be tagged; after a token is se-
lected, the agent scans through a list of tags (e.g., in a dropdown menu) and
choose which one to assign. To abstract from possible differences of the agents
and isolate the intrinsic complexity of the procedure, whatis measured is not the
time consumed but the number of steps necessary to complete the assignment
task.

Accordingly, to determine the complexity of hand tagging from scratch a
corpus, one just needs to know the size of the corpus and of thetag set. If the
corpus has N tokens and the tag set T tags, for each token,(T + 1)=2 decision
steps are needed on average to find the tag to be assigned.1 Hence, the complexity1 Under the assumption that the tags are equiprobable: More onthis below.
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of accurately tagging that corpus is proportional toN [(T + 1)=2℄ of what we
termed standard tagging steps (sts).

Two important comments are in order here before proceeding.First, this
metric is not aimed at providing a measure to determine the complexity involved
in annotating a specific token in a specific occurrence: Thereis no pretension
that the abstract procedure described above has any kind of psychological reality.
Second, this metric is not aimed either at determining an absolute measure of the
complexity of annotating a specific corpus: There is no pretension that the best
device to support the hand annotation of a corpus should be one that permits
picking one tag in a drop down menu, as a simple voice command might well
be envisaged as a better alternative. As we hope to make clearin the discussion
below, this metric is to be used as an objective basis to establish, in general
terms, a comparative assessment of the average efficiency ofdifferent methods
that might be conceived to accurately hand annotate a corpuswith POStags.

3 Accurate tagging

Turning now to the identification of the major conceivable procedures to anno-
tate a corpus, we will be assuming that the preparatory preliminaries had been
accomplished, the tag set was defined, the facilitation toolis in place, etc.

3.1 From-scratch method. The baseline strategy to accurately tag a corpus
consists simply in hand annotating it token by token with theappropriate tags.

3.2 Train-tag-review method. On a par with this strategy, a method has been
advocated based on a “bootstrapping” approach. As far as we were able to trace,
its first proposition in a published paper was due to (Day et al. 1997).

This procedure consists in hand tagging a portion of the corpus and using
the outcome as seed data to train a first tagger. This tagger isused to tag another
stretch of text. The annotation produced is reviewed. The two portions of text are
put together and used to train a second tagger, with better accuracy than the first.
This cycle can be iterated, with increasingly larger portions accurately tagged
and increasingly accurate automatic taggers.

3.3 Sieve method. Another “bootstrapping” procedure of a different kind,
based in a two-step strategy, can yet be conceived. In the second step, the human
annotator just tags the portion of the corpus whose tagging was not terminated
in the first step. The first step is accomplished by a “sieving”tool. This tool
reduces both the number of tokens that are left to be tagged and the size of the
list of admissible tags to be assigned by the human annotatorin the second step.

This procedure explores regularities concerning so-called closed and open
classes of words.

Closed classes:The few hundreds lexical items of closed classes exhibit very
high frequencies. With the help of library reference grammars and online dictio-
naries: (i) collect the list of those items not pertaining tothe classes of Common
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Nouns, Adjectives, Verbs, Adverbs ending in-ly, Proper Names;2 (ii) associate
each such item with the exhaustive list of its admissible tags (either from closed
or open classes); (iii) assemble a sieving tool that by simple lexical lookup, when
run over a corpus, tags the tokens of each type collected in (i) with their admis-
sible tag(s).

Open classes:Many items from open classes result from a few derivational
processes. As a rule, these processes and the categories of the resulting words
can be identified from the word endings. With the help of reference grammars
and online dictionaries: (i) collect a list of those word endings and corresponding
categories; (ii) for each word ending, collect the corresponding exceptions, i.e.,
words with that ending but with a category not resulting fromthe corresponding
morphological process;3 (iii) extend the sieving tool so that after it has tagged
closed class tokens, it detects tokens from open classes that bear endings like
those in (i) or are one of the exceptions in (ii), and assigns them the admissible
tag(s).4

This sieving/tagging tool designed along these lines performs the first, siev-
ing step. In the second step, tokens tagged with only one tag are skipped by the
human anotator as they are already accurately tagged. To annotate tokens that re-
ceive more than one tag, it is enough to pick one of the tags previously assigned.
For tagging tokens with no tag yet, it is enough to pick one of the few tags of
the open classes left: As adverbs ending in-ly were dealt with by the sieving
tool, there will be four tags to opt for — Common Nouns, Adjectives, Verbs and
Proper Names.5

4 Efficiency

In order to check the effectiveness of the metric for taggingcomplexity, it is
now used over each tagging procedure just described. For thesake of having a
concrete basis for discussion, let us assume that our task was to accurately tag a
corpus with, say, 1 million tokens with an average sized tag set with 39 tags (cf.
Annex). In what follows, it will become apparent that the comparative results
arrived at would not be affected in case the discussion example opted for was
different.2 See the tag set used in the Annex3 E.g.,ally CNis an exception to the rule that assignsADVto tokens ending in-ly.4 This tool is easily extended to tag also numbers and other tokens that can be described by

regular expressions.5 Full accuracy is ensured by the fact that if an item was taggedin the first step, it is because
it is in the list used by the sieving tool; if it is entered intothis list, it is possible and easy to
make an exhaustive collection of all its admissible categories. Full coverage of closed classes
(or derivationally obtained words from open classes), in turn, is not easy to ensure, but this
is harmless: if an item is not entered in the list used by the sieving tool, that item does not
receive any tag in the first step and will be found (and accurately tagged) in the second step by
the human annotator.
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4.1 From-scratch
Upper bound. With the from-scratch procedure, we will need to decide which
tag to choose for each of the 1 million tokens out of a tag set with 39 tags. If the
tags had identical probability of being selected, the annotation of our working
corpus would require 20 Msts =106 � [(39 + 1)=2℄.

Lower bound. However, the tags are not equiprobably selected as different
classes of words have different frequencies. The above value for complexity can
be reduced if the list of tags presented to the annotator in the drop down menu
of the facilitating tool (from which he selects the one to assign) is ranked by
the decreasing frequencies of the tags. Hence, a more frequent tag will need
less decision steps to be assigned than those required by a less frequent tag (cf.
Annex).

To recalculate the complexity value, we take the typical values for the relative
frequencies of different classes. This permits to rank the tags and determine how
many steps each tag requires to be assigned. In this paper, weuse the frequencies
of the tags in the Annex observed in an accurately tagged corpus of Portuguese.6

The task of annotating, e.g., the Adverbs in our working corpus, will now
require7�0:0529�106 sts as the assignment of tagADVto each of the0:0529�106 adverbs takes seven steps.

The lower bound for the complexity of our tagging task is obtained by the
summation of the similarly computed values for every tag. This amounts to
5 194 129 sts.7 The complexity of the from-scratch procedure is thus in the
range 5.2–20.0 Msts.

4.2 Train-tag-review
To estimate the complexity of the train-tag-review procedure, there is a range of
options concerning the size of the portion to be used as seed data and the size of
each portion to be covered in subsequent tag-review iterations.

Upper bound. Step 1: Considering the learning curves in (Brants 2000),
for the sake of simplicity, we assume that an initial, 90% accuracy tagger can
be obtained with a training corpus of 10 Ktokens. Annotatinga text of this size
with the facilitating tool with the tags ranked by decreasing frequencies has a
complexity of 51 941 sts.8

Step 2:To improve the accuracy of the tagger from 90% to 95%, the training
corpus is enlarged from 10 to 100 Ktokens. This is done by running the initial
tagger over a new portion of 90 Ktokens and then reviewing theoutcome. 816 For a discussion of this option, see Section 6. The corpus used has 260 Ktokens accurately

tagged with the tag set in the Annex. It contains excerpts from news articles, magazines,
and fiction novels. We are grateful to Fernanda Nascimento and Amália Mendes (CLUL) for
having granted access to it.7 = 106 � (1� 0:1537+ 2� 0:1445+ 3� 0:1439+ � � �) = 5 194 129.8 = 104 � (1� 0:1537+ 2� 0:1445+ 3� 0:1439+ � � �) = 51 941.
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Ktokens (90% of 90) will be correctly and 9 Ktokens incorrectly tagged. In the
reviewing process, each of the 81 Ktokens needs 1 sts to confirm its tag, and each
of the remaining 9 Ktokens need as many steps as if it was to be annotated from
scratch. For the latter, 46 747 sts will be needed.9 The annotation of this second
portion of 90 Ktokens requires thus 136 747 sts.10

Step 3: Let us assume that 97% accuracy can be reached with a corpus of
1 Mtokens. This can be achieved by running the last tagger over a new portion
of 900 Ktokens and then reviewing the result. 855 Ktokens (95% of 900) will
be correctly and 45K incorrectly tagged. As in step 2, each ofthe 855 Ktokens
requires 1 sts to confirm its tag; each of the 45 Ktokens needs as many steps as
if it was tagged from scratch: 233 736 sts. The annotation of this third portion
with 900K thus requires 1 088 736 sts.11

The task of tagging the working corpus is now complete and thevalue for its
complexity is obtained by summing up the values obtained in each of the above
steps. The result is 1 272 230 sts.12

Lower bound. A lower bound for the complexity of the tag-train-review
procedure is obtained by assuming that we start already witha 98% accuracy
tagger, previously developed upon independent training data. This means that
the training steps will be bypassed.

After running this tagger over the 1 million corpus, the tagsassigned to 98%
of it need to be confirmed, while the other 2% are to be reviewed. Each of
the 980 Ktokens (98% of 1M) requires 1 sts to confirm its tag. Each of the
remaining 20 Ktokens requires as many steps as if it was to be tagged from
scratch. This involves 103 883 sts.13 Taking these values together, the lower
bound is determined as 1 083 883 sts.14

Considering the figures obtained for the upper and lower bounds concerning
the tag-train-review procedure, its complexity is estimated as lying in the range
1.1–1.3 Msts.

4.3 Sieve
To estimate the complexity of the new sieve method, we implemented a siev-
ing tool along the lines described in the Section 3.3.15 A lower bound for the
complexity of this method is calculated assuming that this sieving tool has a
heuristics to detect Proper Names with 100% precision and recall (on the basis9 = 9� 103 � (1� 0:1537+ 2� 0:1445+ 3� 0:1439+ � � �) = 46 747.10 = 90 000 + 46 747 = 136 747.11 = 855 000 + 233 736 = 1 088 736.12 = 46 747 + 136 747 + 1 088 736 = 1 272 230.13 = 20� 103 � (1� 0:1537+ 2� 0:1445+ � � �) = 103 883.14 = 980 000 + 103 883 = 1 083 883.15 Following Day et al. (1997), we do not add programming effortto the overall tagging complex-

ity. The sieving tool used in our experiment is now availableto be reused for the annotation of
other corpora, so in the long run, its implementation cost will be negligible anyway.
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of the first letter being capitalized, plus a few rules to handle exceptions). The
upper bound, in turn, is calculated by assuming that the sieving tool does not
handle Proper Names.

Lower bound. The sieving tool was experimentally run over a corpus with
260 Ktokens (“exp-corpus”, from this point, ftn 6). The following results were
obtained: No tags: 64%; One tag: 16%; More than one: 20%.

From these values, it can be extrapolated that around 64% of our working cor-
pus of 1 million tokens may be accurately tagged simply by running the sieving
tool over it, i.e., without any increase in the complexity ofthe task of accurately
annotating that corpus.

Given this tool is designed to tag a given token iff it assignsto it all its admis-
sible tags, to the other portion of the corpus with tokens that received more than
one tag, we refer as the directly detected ambiguity portion(20%). We refer to
the portion of the corpus with tokens that received no tag as indirectly detected
ambiguity portion (16%).

The tag to assign to each token in the directly detected ambiguity portion is
selected from the tags already assigned by the sieving tool.To estimate the com-
plexity of the subsequent disambiguation task, the different degrees of ambiguity
involved should be considered. The distribution of tokens with several tags as-
signed to them is: 2 tags, 59.23%; 3, 29.14%; 4, 0.63%; 5, 0.09%; 6, 1.18%;
MWU, 9.34%.

Most of the directly detected ambiguity involves 2 tags per token. As the
number of tags per token increases, the frequency of such ambiguities decreases.16

MWU is a special case of ambiguity where the elements in a sequence of tokens
are individually or collectively tagged as a single MWU.

Getting back to the 1 million corpus, the above considerations imply that ca.
200 Ktokens (20%) can be annotated by picking the correct tagfrom the tags
assigned by the sieving tool. For 29.14% of these 200 Ktokens, for instance, this
requires picking one tag out of three, thus involving on average 2 sts. Repeating
this calculation for each level of ambiguity, the complexity of accurately anno-
tating the directly detected ambiguity portion in the working corpus is estimated
as 346 360 sts.17

Turning to the indirectly detected ambiguity portion, our experiment shows that
after running the sieving tool, ca. 160 Ktokens (16%) receive no tag. Given
the tool exhausted the tags to be assigned to closed classes plus Proper Names,16 There is an odd increase in the frequency of ambiguities involving 6 tags due to two specific

Portuguese forms, viz. como and nada. Both are very frequentand ambiguous:comoreceives
the tagsINT , REL, CJ, PREP, ADVandV, andnadareceivesIN , DIAG, ADV, CN, ADJ and
V.17 = 200�103� (1:5�0:5923+2�0:2914+2:5�0:0063+3�0:0009+3:5�0:0158+2�0:0934) = 346 360. We assumed that on average two inspection steps are required to review
potential multi-word lexical units.
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every token in this portion is potentially ambiguous between three open classes:
Adjective, Common Noun or Verb. The task of hand tagging is restricted now to
picking one of these three tags.

With the tagged version of the exp-corpus used in the experiment, it is pos-
sible to determine that Common nouns are 49.8%, Verbs 36.7% and Adjectives
13.5% of the indirectly detected ambiguity portion. This allows to measure the
complexity of the task of annotating the last 160 Ktokens of the working cor-
pus, yet to be tagged. The three possible tags remaining are ranked according
to the decreasing order of their frequencies in this portion: Nouns, Verbs, Ad-
jectives. This implies that, for instance, tagging each Adjective requires 2 sts
and annotating every Adjective in this indirectly detectedambiguity portion in-
volves 43 200 sts.18 Putting all the figures together, tagging the last 16% requires
261 920 sts.19

Collecting the values for both directly and indirectly detected ambiguity, the
lower bound value for the complexity of tagging our working corpus with the
sieving procedure is 608 280 sts.20

Upper bound. The upper bound is determined by assuming that the sieving
tool is not prepared to handle Proper Names. As Proper Names are 7% of the
exp-corpus, this implies that the indirectly detected ambiguity portion is enlarged
now from 16% to 23% and the tags available to tag this portion are now four:
Common Nouns, Adjectives, Verbs and Part of Name.21 The exp-corpus allows
also to know that Common nouns are 34.9%, Part of Names 29.9%,Verbs 25.7%,
and Adjectives 9.5% of the indirectly detected ambiguity portion.

It is now possible to obtain the complexity for the indirectly detected am-
biguity portion in the working corpus, with 230 Ktokens (23%). It amounts to
482 540 sts.22

Note that under this upper bound scenario, the value for the complexity of an-
notating the directly detected ambiguity portion is the same as the value obtained
under in the lower bound scenario: the tokens tagged as Part of Names then are
assigned only one tag thus being part of the 64% of the corpus correctly tagged
with the sieving tool. Taking thus that value for the complexity of tagging the
directly detected ambiguity portion together with the value just calculated above
for the indirectly detected ambiguity portion, we obtain 828 900 sts23 as the up-
per bound value. Taking the values for the upper and lower bounds of the sieve
method, its complexity can be estimated as lying in the range608–829 Ksts.18 = 160� 103 � 2� 0:135 = 43 200.19 = 160� 103 � (1� 0:498 + 2� 0:367+ 3� 0:135).20 = 346 360 + 261 920 = 608 280.21 The tokens ambiguous between Proper Names and another tag have a residual value so it can

be safely assumed that these 7% were displaced from the portion that received only one tag.22 = 230� 103 � (1� 0:349 + 2� 0:299+ 3� 0:257 + 4� 0:095).23 = 346 360 + 482 540 = 828 900.
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5 Discussion

The values of the upper and lower bounds of tagging complexity for the three
procedures are compiled in the table below as well as the efficiency gains by
each of them with respect to the others:

scratch t-t-r sieve
Ksts lb ub lb up lb

scratch upper 20000 74.03 93.64 94.58 95.85 96.96
lower 5194 75.51 79.13 84.04 88.29

t-t-r upper 1272 14.78 34.83 52.20
lower 1084 23.52 43.90

sieve upper 829 26.66

When comparing even the best score of the from-scratch procedure with the
worst results from the other procedures, the from-scratch method is confirmed
as the least efficient one. Any of the other methods permits dramatic savings in
terms of hand tagging effort: The train-tag-review allows to save at least 75.51%
of the annotation effort, while the sieve method permits to save at least 84.04%.

The results are more instructive when it comes to compare thetwo more
efficient procedures. In the worst case (the train-tag-review procedure’s best
score is compared with the sieve procedure’s worst score), the latter permits to
save almost one fourth (23.52%) of the annotation effort needed if the former
method is adopted. If the procedures are compared on an equalfooting (taking
the best scores), the advantage of the sieve method over the train-tag-review one
is larger: It permits to save well over one third (43.90%) of the annotation effort.

5.1 Invariance. While the metric for determining tagging complexity is in-
dependent of the corpora to be tagged and the human languagesin which the
data is encoded, the same may not be the case for the complexity scores of the
different annotation procedures. Different corpora have different distributions
for the frequencies of tags. When using one of the bootstrapping procedures to
tag two corpora, it is likely that the two tasks show different complexity values.
However, as for each tag, the fluctuation of its relative frequency with respect
to different corpora tend to be limited24 and it is much less than the difference
between the complexity of the different methods, the conclusions drawn from
the comparison exercise above concerning the ranking of tagging procedures are
expected to remain basically valid for a wide range of different corpora.

The same invariance may not hold, however, when different languages are
considered, especially if they belong to different language families. When con-
sidering generic, large-scale corpora from different languages that can be tagged
with the same or approximate tag sets, the relative frequencies of POS tags may
present considerable differences. If these differences are large enough to have an24 The sieving tool was used over a second corpus with 11.5 million tokens extracted from the

corpus available athttp://cgi.portugues.mct.pt/cetempublico/ . The values
obtained deviate at most 1 point from the values presented inSection 4.3.
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impact on the ranking of the tagging methods according to their complexity now
obtained, this is something that has to be empirically verified for each particular
case.

5.2 Concluding remarks. While it is important to keep in mind that the rank-
ing of fully accurate tagging procedures may not be independent of the particular
language being considered, it is worth noting that the goal here is not to present
a definitive ranking of such procedures valid for all languages (something con-
ceivably not possible). Rather, the aim was to show that it isfeasible to design
an objective, standard metric to predict such ranking when different procedures,
different corpora or different languages are taken into account; that the rank-
ing produced is reliable for guiding one to opt for the most efficient procedure;
and that the efficiency gains detected (and corresponding gains in terms of labor
costs) appeared to be so dramatic that a decision on which procedure to opt for
in each case should be considered with the help of such a metric.

Annex Tag Category Freq. Cplx. Tag Category Freq. Cplx.
(%) (sts) (%) (sts)

CN common noun 15.37 1 IN indef. nominal 0.23 21
PNT punctuation 14.45 2 DFR fraction denom. 0.21 22

PREP preposition 14.39 3 ORD ordinal 0.16 23
V verb 11.33 4 MTH month 0.11 24

DA def. article 11.27 5 WD week day 0.07 25
PNM part of name 6.87 6 STT social title 0.06 26
ADV adverb 5.29 7 ITJ interjection 0.06 27
CJ conjunction 4.77 8 INT int. pronoun 0.06 28

ADJ adjective 4.17 9 DIAG dialogue 0.05 29
PTP past participle 1.78 10 SYB symbol 0.05 30
IA indef. article 1.61 11 EADR email address 0.03 31

REL rel. pronoun 1.55 12 PADR part of address 0.02 32
CL clitic 1.50 13 MGT magnitude 0.01 33

DGT digit 0.86 14 PP prep. phrase 0.01 34
DEM demonstrative 0.84 15 DGTR roman digit 0.00 35
PRS pers. pronoun 0.71 16 LTR letter 0.00 36

CARD cardinal 0.61 17 NP noun phrase 0.00 37
QD quant. det. 0.61 18 EOE end of enum. 0.00 38

POSS possessive 0.59 19 UNIT measure unit 0.00 39
GER gerund 0.30 20
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Abstract
Despite state-of-the-art performance, the Data Oriented Parsing
(DOP) model was shown to suffer from biased parameter estimation, and
the good performance seems more the result of ad hoc adjustments than
consistent probabilistic generalization. Recently, a newestimation pro-
cedure was suggested, called Backoff Estimation, forDOP models based
on Phrase-Structure annotations. Backoff Estimation deviates from ear-
lier methods in that it treats the model parameters as a highly structured
space of correlated events. In this paper we extend this method towards
DOP models based on Lexical-Functional Grammar annotations (i.e.,LFG-
DOP). We show that theLFG-DOP parameters also constitute a hierarchi-
cally structured space. Subsequently, we adapt the BackoffEstimation al-
gorithm fromTree-DOP to LFG-DOP models. Backoff Estimation turns out
to be a natural solution to some of the specific problems of robust parsing
underLFG-DOP.

1 Introduction

The DOPmodel (Bod 1995, Bod 2001) currently exhibits good performance on
impoverished phrase-structure tree-banks. The phrase-structureDOPmodel, called
Tree-DOP, works with the common rewrite operation of substitution (as in Context-
Free Grammars). Despite the simple formalism underlyingTree-DOP, proba-
bility estimationturns out not as straightforward as it initially seemed. Preced-
ing studies (Johnson 2002, Sima’an & Buratto 2003) have shown the bias of
three estimation procedures forTree-DOP, (Bod 1995, Bonnema et al. 1999, Bod
2001). Recently, Sima’an & Buratto (2003) show that theTree-DOP parame-
ters cannot be assumed disjoint events, because they abide by a partial order
that structures these parameters according to their correlations of occurrence.
Sima’an & Buratto (2003) also present an algorithm, BackoffEstimation, that
takes into account this fact during parameter estimation for Tree-DOP. Prelim-
inary experiments show improved performance, despite the impoverished first
implementation.

In this paper, we study parameter estimation for the extension of DOP to lin-
guistic annotations that are richer than phrase-structure. We concentrate on the
extension ofDOP to Lexical-Functional Grammar (LFG) annotations, i.e.,LFG-
DOP (Bod & Kaplan 2003). Naturally, the problem of biasedestimation carries
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Figure 3:The subtrees of the treebank in Figure 1

over fromTree-DOP to LFG-DOP. In fact, the bias inTree-DOP is further com-
pounded with specific aspects ofLFG-DOP that allow for robust processing that
can be achieved by abstraction over actually occurring treebank structures. We
show how Backoff Estimation applies toLFG-DOP, and how it naturally realizes
a specific model architecture that was observed to work best in experiments by
(Bod & Kaplan 1998, Bod & Kaplan 2003).

Section 2 provides a review of theTree-DOP model. Section 3 reviews the
Backoff Estimation algorithm. Section 4 reviewsLFG-DOP and section 5 extends
the Backoff Estimation algorithm toLFG-DOP. Finally, section 6 provides the
conclusions from this work.

2 Tree-DOP: Phrase-structure

The Data Oriented Parsing (Tree-DOP) model currently exhibits state-of-the-art
performance on benchmark corpora (Rens2001). Like other treebank models,
Tree-DOP extracts a finite set of rewrite productions, calledsubtrees, from the
training treebank together with probabilities. A connected subgraph of a tree-
bank treet is called asubtreeiff it consists of one or more context-free produc-
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tions1 from t. In operational terms, a subtree is determined by selectingin a
treebank tree (1) the node that will correspond to theroot and (2) the nodes that
correspond to thefrontier nodesof that subtree. Following (Bod 1995), the set of
rewrite productions ofTree-DOP consists ofall the subtrees of the treebank trees.
Figure 3 exemplifies the set of subtrees extracted from the treebank of Figure 1.

Tree-DOPemploys the set of subtrees as a Stochastic Tree-Substitution Gram-
mar (STSG): aTSG is a rewrite system similar to Context-Free Grammars (CFGs);
the only difference is that the productions of aTSG are subtrees of arbitrary
depth2. A TSG derivation proceeds by combining subtrees using the substitution
operationÆ starting from the start symbolS of the TSG. In contrast withCFG

derivations, multipleTSG derivations may generate the same parse. For exam-
ple, the parse in Figure 1 can be derived at least in two different ways as shown
in Figure 2. In this sense, theTree-DOP model deviates from other contempo-
rary models, e.g., (Charniak 2000), that belong to the so-called History-Based
Stochastic Grammar (HBSG) family (Black et al. 1993). The latter models gen-
erate every parse-tree through a unique stochastic derivation.

A StochasticTSG (STSG) is aTSG extended with a probability mass functionP over the set of subtrees: the probability of subtreet, that has root labelRt, is
given byP (tjRt) i.e., for every non-terminalA:

PftjRt=Ag P (t j A) = 1.

Given a probability functionP , the probability of a derivationD = S Æ t1 Æ� � � Æ tn is defined byP (D j S) = Qni=1 P (tijRti). The probability of a parse is
given by the sum of the probabilities of all derivations thatgenerate that parse.

When parsing an input sentenceU under aTree-DOP model, the preferred
parseT is the Most Probable Parse (MPP) for that sentence:argmaxT P (T jU).
However, the problem of computing theMPP is known to be intractable (Sima’an
2002). In contrast, the calculation of the Most Probable Derivation (MPP) D
for the input sentenceU i.e., argmaxD P (DjU), can be done in time cubic in
sentence length.

The problem of how to estimate the subtree probabilities from a treebank
is not as straightforward as originally thought. As shown in (Bonnema et al.
1999, Johnson 2002, Sima’an & Buratto 2003), the common subtree relative-
frequency estimator (Bod 1995) is inconsistent and biased in an unintuitive man-
ner. Next, we review a more recent DOP estimator that is basedon the Katz
backoff smoothing technique (Katz 1987).1 Note that a non-leaf node labeledp in treet dominating a sequence of nodes labeled
1; � � � ; 
n

consists of a graph that represents the context-free production: p! 
1 � � � 
n.2 Tree depth is the number of edges along the longest path from its root to a leaf node.
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3 Backoff Estimation for DOP

We review here the Backoff Estimation procedure presented in (Sima’an & Bu-
ratto 2003). The motivation for this estimator comes from the observation that a
Tree-DOPmodel consisting of all subtrees of a given treebank will risk overfitting
that treebank. In particular, because the treebank trees themselves are also rep-
resented as subtrees, the common Maximum-Likelihood estimator is bound to
assign non-zero probability only to the treebank trees – seethe example given in
(Bonnema et al. 1999). Consequently, (Sima’an & Buratto 2003) apply smooth-
ing to avoid this extreme overfitting problem. The Backoff Estimator is based on
the following observation.

Consider the common situation where a subtree3 t is equal to a tree generated
by a derivationt1Æ� � �Ætn involving multiple subtreest1 � � � tn. For example, sub-
trees17(Figure 3) can be constructed by different derivations suchas(s16Æ s2),
(s14Æ s1)and(s15Æ s1Æ s3). We will refer to subtrees that can be constructed
from derivations involving other subtrees with the termcomplex subtrees.

Because the statistics for these different derivations come from the treebank,
these statistics must be correlated. For every complex subtreet, we restrict our
attention only to the derivations involving pairs of subtrees; in other words, we
focus on subtreet such that there exist subtreest1 andt2 such thatt = (t1 Æ t2).
In DOP, the probability oft is given byP (tjRt). In contrast, the derivation prob-
ability is given byP (t1jRt1)P (t2jRt2). However, according to the chain ruleP (t1 Æ t2jRt1) = P (t1jRt1)P (t2jt1). Therefore, the derivationt1 Æ t2 embodies an
independence assumption realized by the approximation4: P (t2jt1) � P (t2jRt2).
This approximation involves a so-calledbackoff, i.e., a weakening of the condi-
tioning context fromP (t2jt1) toP (t2jRt2). Hence, we will say that the derivationt1Æt2 constitutesa backoffof subtreet and we will write (t �bfk t1Æt2) to express
this fact.

The backoff relation�bfk between a subtree and a pair of other subtrees
allows for a partial order between the derivations of the subtrees extracted from
a treebank. A graphical representation of this partial order is a directed acyclic
graph which consists of a node for each pair of subtreesti; tj that constitute a
derivation of another complex subtree. A directed edge points from a subtreeti
in a node5 to another node containing a pair of subtreeshtj; tki iff ti �bfk tj Æ tk.
We refer to this graph as thebackoff graph. An example based on the subtrees of
Figure 3 is shown in Figure 4, wheres0 stands for a subtree consisting of a single
node labeledS (the start symbol). We distinguish two sets of subtrees: initial and
atomic. Initial subtrees are subtrees that do not participate in a backoff derivation
of any other subtree. In Figure 3, subtrees17 is the only initial subtree.Atomic3 The term “subtree” is reserved for the tree-structures extracted from treebanks.4 Note thatRt2 is part oft1 (the label of the substitution site).5 In a pairhth; tii or hti; thi that constitutes a node.
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s4 s3

s3s13 s2s16

s1s14
s0 s17s7s6

... ... ... ...

... ...

s9 s1

s2s8 s11 s3

s4 s2

Figure 4:A portion of the backoff graph for the subtrees in Figure 3

subtrees are subtrees for which there are no backoffs. In Figure 3, these are
subtrees of depth one (double circled in the backoff graph).

In the DOP model (under any known estimation procedure), the probability
of a parse-tree is defined as the sum of the probabilities of all derivations that
generate this parse-tree. This means thatDOP linearly interpolates derivations
involving subtrees from different levels of the backoff graph; this is similar to
the way Hidden Markov Models interpolate different Markov orders over, e.g.,
words, for calculating sentence probability. Hence, we will refer to the different
levels of subtrees in the backoff graph as theMarkov orders.

Crucially, the partial order over subtrees (the backoff graph) can be exploited
for turning DOP into a “backedoff model” as follows. A subtree is generated
by a sequence of derivationsordered by the backoff relation. This is in sharp
contrast with existingDOP models that consider the different derivations leading
to the same subtree as a set ofdisjoint events. Next we present the estimation
procedure that accompanies this new realization ofDOP as a recursive backoff
over the different Markov orders.

Katz Backoff (Chen & Goodman 1998) is a smoothing technique based on
the discounting method of Good-Turing (GT) (Chen & Goodman 1998). Given
a higher order distributionP (tjX; Y ), Katz backoff employs theGT formula for
discounting this distribution leading toPGT (tjX; Y ). Then, the probability mass
that was discounted (1 �Pt PGT (tjX; Y )) is distributed over the lower order
distributionP (tjX).

We assume initial probability estimatesPf based on frequency counts, e.g.,
as inDOPrf or DOPBon. The present backoff estimation procedure operates it-
eratively, top-down over the backoff graph, starting with the initial and moving
down to the atomic subtrees, transferring probability massfrom complex sub-
trees to their backoffs.

Let P 
 represent the current probability estimate resulting fromi previous
steps of re-estimation (initially, at stepi = 0, P 0 := Pf ). After i steps, the
edges of the backoff graph lead to thecurrent layerof nodes. For everyt, a
subtree in a node from the current layer in the backoff graph,an edgee outgoing
from t stands for the relation (t �bfk t1 Æ t2), whereht1; t2i is the node at the
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Figure 5:An LFG representation for ‘John loves Mary’

other end of edgee. We know thatP 
(tjRt) = P 
(t1jRt1)P 
(t2jt1)P 
(t1 Æ t2) =P 
(t1jRt1)P 
(t2jRt2). This mean thatP 
(t2jt1) is backedoff toP 
(t2jRt2). Hence,
we may adapt the Katz method to estimate the BackoffDOP probabilityPbo as
follows:Pbo(t2jt1) = � P 
GT (t2jt1) + �(t1) Pf(t2jRt2) [P
(t2jt1) > 0℄�(t1) Pf(t2jRt2) otherwise
where�(t1) is a normalization factor that guarantees that the sum of theproba-
bilities of subtrees with the same root label is one. Simple arithmetic leads to the
following formula:�(t1) = 1�Pt2:f(t1;t2)>0 P 
GT (t2jt1).

Using Pbo(t2jt1), the other backoff estimates are calculated usingPbo(tjRt) := Pf(t1jRt1) P 
GT (t2jt1) andPbo(t1jRt1) := ( 1 + �(t1) ) Pf(t1jRt1).
Before stepi+1 takes place over the next layer in the backoff graph, the current
probabilities are updated:P i+1(t1jRt1) := Pbo(t1jRt1).
4 LFG-DOP: Lexical-Functional Grammar

The LFG-DOP model (Bod & Kaplan 1998) employs representations, such as
the one in Figure 5, which comprise two parallel levels, constituent structure (c-
structure) and functional structure (f-structure), and a mapping between them.
The c-structures describe surface structure, the f-structures describe grammati-
cal relations and� maps between these levels of linguistic representation. This
relationship is generally expressed as a triple of the formh
; �; fi. An f-structure
unit f is �-accessible from a noden if either f is linked ton or f is contained
within an f-structure linked ton. This reflects the intuitive idea that nodes can
only access information in the units of f-structure to whichthey are�-linked.

LFG-DOP fragments consist of connected subtrees (as inTree-DOP) whose
nodes are in� correspondence with (partial) f-structures. In operational termi-
nology, theTree-DOP decomposition of a treebank tree into subtrees proceeds
using two operators:root andfrontier. These operators select the nodes that de-
limit a subtree:root selects the root node, andfrontier selects the frontier nodes.
The connected subgraph between these selected nodes constitutes the subtree.
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For LFG-DOP, Bod & Kaplan (2003) extend these operators as follows. When
a node is selected by theroot operation, all nodes outside that node’s subtree
are erased, as inTree-DOP. Further, all�-links coming from the erased nodes
are removed and all f-structure units not�-accessible from the remaining nodes
are erased. Theroot operation also deletes thePRED attributes (semantic forms)
local to f-structures corresponding to erased nodes. Thefrontieroperation selects
a set of frontier nodes and deletes all subtrees they dominate, also removing
the�-links and semantic forms (but not features) correspondingto any deleted
nodes. See example in Figure 6.

LFG-DOP derivations proceed using composition operations that extend the
substitution operation ofTree-DOP. The LFG-DOP composition operation (Æ)
involves two stages: c-structures are combined exactly as in Tree-DOP and their
corresponding f-structures are unified recursively.

According toLFG theory (Bresnan 2001), c-structures and f-structures must
satisfy certain well-formedness conditions:uniquenessspecifies that each at-
tribute in the f-structure can have at most one value,coherenceprohibits the
presence of grammatical functions which are not required bythe lexical predi-
cate, andcompletenessrequires that all functions governed by a lexical predicate
must be present in its f-structure. Any parse generated by a sequence of compo-
sition operations must satisfy these conditions.

As with Tree-DOP, the probability of a derivation is the product of the proba-
bilities of choosing each of the fragments involved in that derivationP (f1 Æ ::: Æfn) = Qi P (fi) and the probability of a parse T is the sum of the probabilities
of its distinct derivationsP (T ) =PD derives T P (D).

In Tree-DOP, the fragment set is partitioned into Competition Sets (CS) ac-
cording to their root node label. The definition of Competition Sets forLFG-DOP

depends on which of theLFG well-formedness conditions are enforced on-line,
while the derivation is being constructed, and which are enforced off-line, when
the derivation is complete.

In comparison withTree-DOP, LFG-DOP might suffer from robustness prob-
lems because of the constraints expressed in the f-structures (associated with the
c-structures). However, this can be addressed by further generalizing fragments
generated viaroot andfrontieras follows.A third operator,discard, extracts frag-
ments from f-structures by deleting attribute-value pairswhile keeping the asso-
ciated c-structures and�-links constant (see Figure 7).Discard is subject to the
restriction that pairs whose values are�-linked to remaining c-structure nodes
are not deleted.

Let jf j be the number of occurrences of fragmentf in the corpus andCS

the competition set off . According to simple-RF, the probability off is given
by P (f) = jf jPfx:fx2CS jfxj . Howeversimple-RFis as biased as fragment relative-

frequency estimation forTree-DOP. Furthermore, it does not account for the fact
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thatdiscard-generated fragments are generalizations of fragments generated by
root and frontier. Because exponentially many fragments can be generated by
applying discard to each fragment produced via root and frontier, the discard-
generated fragments absorb much of the probability mass under simple-RF esti-
mator, just like larger subtrees absorb a large probabilitymass inTree-DOP.

A second estimation method,discounted-RF, treats fragments produced by
root and frontier as seen events and those generated via discard as unseen events.
The relative frequencies of seen events are discounted using Good-Turing and the
discounted mass is given to the unseen events. However, thismethod is as biased
as the first. Next we show that the problem of how to employdiscard within
LFG-DOP is merely a symptom of the bias of existing estimates forLFG-DOP as
a whole.

5 BackOff Estimation for LFG-DOP

Back-off parameter estimation can be applied toLFG-DOP fragments gener-
ated byroot and frontier exactly as described forTree-DOP, using a directed
acyclic graph to represent the partial order between them. Adirected edge points
from a fragmenth
x; �x; fxi to a pair of fragmentshh
y; �y; f yi; h
z; �z; f zii ifh
y; �y; f yi andh
z; �z; f zi compose to giveh
x; �x; fxi. Composition of these
fragments involves both leftmost substitution over the c-structures and unifica-
tion over the f-structures.

Becausediscardgenerated fragments are obtained by generalizing over ac-
tual f-structures, the backoff relation in this case is defined in terms of f-structure
unification rather than fragment composition. For discard-generated fragments,
a directed edge in the graph points from a fragmenth
; �; fi to a pair of frag-
mentshh
; �; f yi; h
; �; f zii if f-structures fy and fz unify to f and f 6= fy 6= fz:h
; �; fi � bfkh
; �; ff yS f zgi.

The probability of the derivationh
; �; ff yS f zgi is given byP (h
; �; ff y[ f zgijR
) = P (
; �jR
)P (ff y[ f zgj
; �; R
) �P (
; �jR
)P (f yj
; �)P (f zj
; �; f y) � P (
; �jR
)P (f yj
; �)P (f zj
; �)
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This embodies an independence assumption realized by the approximationP (f zj
; �; f y) � P (f zj
; �), which constitutes a backoff; hence the derivationhc,�,ffy S fzgi is said to be a backoff of fragmenthc,�,fi. Here, backoff is used
to redistribute probability mass among discard-generatedLFG-DOP fragments
by transferring probability mass from complex fragments totheir backoffs in a
stepwise manner.

Experiments described in (Bod & Kaplan 2003) suggest that where a parse
can be produced without recourse todiscard-generated fragments, the inclusion
of such fragments does not significantly improve parse accuracy. Therefore, it
has been suggested thatdiscard-generated fragments should only be included
in the parse space where the input can be parsed using c-structures only but no
parse is possible over fully-instantiatedh
; �; fi fragments.

Way (1999) also observes thatdiscard should be used to derive fragments
only where absolutely necessary. He suggests that there must be a countable
number of cases — such as subject-verb agreement, relative clause agreement
and movement phenomena — in which unification fails anddiscard-generated
fragments should be applied.

These observations seem to lead towards anLFG-DOP model wherediscard-
generated fragments are treated as “second rate” fragmentsthat will be used only
upon failure of the other fragments to produce analyzes for the input. We think
that the same effect can be realized in a natural manner by Backoff Estimation.
Because the parameters are structured in the backoff graph that directs the esti-
mation algorithm, this realizes a kind ofsoft, probabilistic backoff.

6 Conclusions

This paper shows how the parameters for theLFG-DOP model can be estimated
as a highly structured space of correlated events. The Backoff Estimation pro-
cedure that was originally developed forTree-DOP (based on Phrase-Structure
annotations) turns out especially suitable forLFG-DOP. In particular, Backoff
Estimation provides a solution to the problem of robustLFG-DOP parsing with-
out resorting to ad hoc, crisp mechanisms.

Future work will address various aspects of this work. Naturally, future em-
pirical experiments have to exhibit the empirical value of this method. in order
to verify the empirical value of this method. There are various specific imple-
mentations of the algorithm that need to be sorted out.
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Parsing Without Grammar — Using Complete Trees Instead
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Seminar f̈ur Sprachwissenschaft, University of Tübingen, Germany

Abstract
In recent years, research in parsing has concentrated on weakening the lo-
cality of parsing decisions, which led to an increase in the number of pa-
rameters to be estimated. This chapter describes a new parsing approach
that combines the use of complete trees with an efficient search based
on Memory-Based Learning (Stanfill & Waltz 1986, Daelemans,van den
Bosch & Zavrel 1999). Parsing is defined as the selection of the most sim-
ilar syntactic tree in the training data. This tree is then adapted to the input
sentence. Concerning function-argument structure, the parser shows a very
reliable performance in evaluation (F1=96.52). Errors arevery often due
to unattached constituents rather than to attachments errors.

1 Introduction

In recent years, research in parsing has concentrated on weakening the locality
of parsing decisions (cf. e.g. (Collins 1999, Charniak 2001)), which led to an in-
crease in the number of parameters to be estimated. Many morerecent develop-
ments are based on the assumption that pure context-free rules, even extended by
probabilities, are too local in nature to cover natural language phenomena.Data-
Oriented Parsing(DOP) (Bod 1998) is the first approach that uses tree fragments
of differing size in the search for the best parse tree. However, since the search
for the best parse tree cannot be reduced to the search for thebest derivation,
mostDOP models are computationally very intensive.

The problem becomes more severe for non-configurational languages such as
German since it is difficult to determine the grammatical function of a constituent
based on its local context; the only informative features are the verb itself in com-
bination with morphological and linear information about all the constituents in
the sentence. These decisions can only be systematically approached if larger
tree fragments are used for parsing. Previous approaches which use Memory-
Based Learning (Stanfill & Waltz 1986) for parsing (cf. e.g.,(Buchholz 2002,
Daelemans, Buchholz & Veenstra 1999, Tjong Kim Sang 2001)),were defined
as cascades of classifiers. Such approaches, however, assume a general inde-
pendence of decisions within one classifier and to a great extent also between
levels. These assumptions make such approaches feasible for highly configu-
rational languages such as English, in which the ordering ofconstituents gives
very reliable information about the grammatical function of a constituent. Dagan
& Krymolowski (2003), on the other hand, use an adaptation ofMemory-Based
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Learning: Memory-Based Sequence Learning (MBSL). MBSL is based on the
assumption that for learning tasks in the area of shallow parsing, the sequence
of wordsis one of the most important types of information. The sequences are
represented as tiles including bracketing. In order to parse a sentence, MBSL
looks for all covers, i.e. all (potentially overlapping) subsequences of tiles which
cover the complete sequence. Then the cover with the highestconfidence rating
is chosen. By using tiles, MBSL can correctly analyze patterns which do not
occur in the training patterns but for which tiles from different training patterns
can be put together. Since a high number of tiles needs to be stored for each
sentence, it is unfortunately not feasible to lexicalize this approach, which limits
its success.

In this chapter, a new parsing strategy,Memory-Based Parsing(MBP), that
uses complete trees as its repository of grammatical information will be de-
scribed. Instead of constructing a parse tree from different fragments, MBP
defines its task as the search for the most similar complete tree in the instance
base. It chooses the most similar tree in an instance base andadapts this tree
to the input sentence. The choice of the most similar tree is guided byPOSand
chunk (cf. Abney 1996) information from preprocessing steps. Previous versions
of this system were presented in (Kübler & Hinrichs 2001a, 2001b), a more de-
tailed description of the parser can be found in (Kübler 2002).

2 The Tübingen Treebank of Spoken German, T̈uBa-D/S

The treebank used for training and evaluation of MBP is the T¨uBa-D/S treebank
(Stegmann et al. 2000). This treebank was developed in the context ofVERBMO-
BIL , a long-term Machine Translation project funded by the German Ministry for
Education, Science, Research, and Technology (BMBF).VERBMOBIL had as its
goal the speaker-independent translation of spontaneous speech in the domains
business appointments, travel scheduling, and hotel reservations. As a conse-
quence, the TüBa-D/S treebank contains transliterationsof spontaneous dialogs
in these domains. The transliterated data exhibit all the characteristics of sponta-
neous speech, including hesitation noises, false starts, interruptions, repetitions,
and fragmentary utterances.

TüBa-D/S consists of more than 38,000 annotated sentencesbut since the
segmentation onto sentences is rather undetermined for speech data, the sen-
tences in the treebank often consist of more than one sentence in the linguistic
sense. Thus, the number of separate trees that were assignedto these sentences
reached approx. 67,000 trees. The sentences in TüBa-D/S tend to be rather
short (the average sentence length is 4.5 words), the challenge for the parser
is rather based on speech phenomena such as ungrammaticality or atypical con-
stituent order than on extremely complex syntactic phenomena. The following
sentence, which is taken from the treebank, is typical in this respect: “ich habe
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hier übrigens auch schon mir Unterlagen zuschicken lassenvon verschiedenen
Hotels” (by the way here I have also had brochures sent to me about different
hotels already). Here, the modifiers “hier übrigens auch schon” precede the per-
sonal pronoun dative object “mir”, and the modifier of the accusative object “von
verschiedenen Hotels” is extraposed.

For the annotation of the treebank, a surface-oriented annotation scheme has
been adopted, which is based on the notion oftopological fieldsand enriched by
a level of function-argument structure. The linguistic annotations pertain to the
levels of morpho-syntax (POStagging), syntactic phrase structure, and function-
argument structure. The annotation relies on a context-free backbone, i.e., proper
trees without crossing branches or traces. Long-distance relations are described
via specific functional labels.

3 Parsing function-argument structure using an instance base of trees

The parser MBP is based on the assumption that the annotationof the grammat-
ical function for a specific phrase is highly dependent on word order as well as
on the other grammatical functions present in the sentence.For this reason, the
annotation of grammatical functions must be completed in one step rather than
in single independent decisions. However, if the complete syntactic structure is
assigned in one step, the parser needs all possible types of information. MBP is
designed in a way that it searches for the complete sequence of words,POS tags
and chunks.

MBP is divided into two main modules: In the first module, information
about the sequences of words andPOS tags is used to find the most similar sen-
tence in the instance base. If this module fails to retrieve areasonably similar
sentence, the input sentence is passed to the backing-off module, which relies
mainly on chunk information. The latter module is also responsible for the an-
notation of phrases that were omitted in the first module (cf.below).

3.1 The search module based on words and POS tags

Since the selection of the most similar tree for an input sentence needs to be
based on the complete sentence rather than on a window of a fixed length (as
used in cascaded parsing architectures), the search in the instance base needs to
be adapted to the requirement that a flexible number of features serves as the
basis for the similarity function. Thus, MBP uses a prefix trie of words as its
instance base, and the search for the most similar tree is equivalent to the search
for the most similar sequence of words in the trie. Figure 1 shows a sample of
such a prefix trie for nine sentences. The final words of the sentences are marked
in circles.
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Figure 1:The prefix trie for nine sentences

If a word is not found at a specific node in the trie, the search algorithm allows
ignoring words or phrases either in the input sentence or in the sentence from
the instance base. The phrase boundaries for the input sentence are determined
in a pre-processing step via the use of a chunk parser (Abney 1996)1. Thus, the
search for the input sentence “dann mache ich die Tickets fertig” (then I will
arrange the tickets) will retrieve the sentence “dann macheich Ihnen die Tickets
fertig” (then I will arrange the tickets for you). The additional noun phrase in
the input sentence, “Ihnen”, is omitted in the search. The tree structure that is
attached to this sentence is used for assigning a syntactic analysis to the input
sentence.

After selecting the most similar sentence in the instance base, the parser is
faced with the problem that this sentence generally is not identical to the input
sentence. For this reason, the retrieved tree structure needs to be adapted to
the input sentence. The parser allows only the most conservative modification:
the deletion of the phrases or words that were omitted in the search through the
trie. Thus, the structure for the sample input sentence needs to be modified so
that the additional noun phrase is removed. The tree structure for the previous1 MBP, however, does not only extend the chunk parses with function-argument structure. It

rather uses the chunk parse as additional information for the selection of the most similar
sentence. There are significant differences in the annotation of phrase boundaries between a
chunk parse and a complete syntactic structure due to the deterministic nature of the chunk
parser.
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Figure 2:The most similar tree structure for the input sentence

example is shown in Figure 2, the phrase to be removed is marked in gray. The
sentence is structured into phrases (e.g.,NX for “noun phrase” andVXFIN for “fi-
nite verb phrase”), topological fields (e.g.,VF for “initial field” and LK for “left
sentence bracket”), and clauses (SIMPX for “simplex clause”). The edge labels
denote head/non-head distinctions within clauses and the grammatical functions
of phrases (e.g.,ON for “subject”, OD for “dative object”, OA for “accusative
object”, andMOD for “underspecified adjunct”)2. Phrases which could not be
attached to the sentence are then looked up separately via the prefix trie (which
also contains single phrases, a very typical feature for spontaneous speech). They
receive a phrasal annotation, but no attempt is made to attach them to the sen-
tence.

This search strategy as described above is prone to allowingtoo many phrases
or words in the input sentence or in the training sentences tobe omitted. In the
worst case, the most similar sentence might be selected based on the identity of a
single word. Another problem consists in the fact that phrases which are crucial
for the structure of the sentence can be omitted. It would be rather unfortunate
if the wordFlieger were omitted in the sentencees gehen stündlich Flieger ab
München(there go hourly planes from Munich).

These problems are avoided to a high degree by the introduction of cost-
based weights. Each word or phrase is assigned a weight (between 0 and 1)
which describes the “importance” of the item for the sentence. The weights are
calculated during training, based on the relative frequency of the POS tag se-
quences with and without the item and on the degree to which the tree structure
needs to be modified if the item is omitted. Thus, the wordFlieger will have a
higher weight than the phraseab München. At each point where the parser has2 For a more thorough introduction to the annotation scheme cf. (Stegmann et al. 2000).
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a choice of different actions, it selects the analysis whichhas accumulated the
lowest overall weight, thus executing a best-first search.

3.2 The backing-off module

The search strategy described in the previous section is very well suited for find-
ing analyses for sentences that have closely related equivalents in the instance
base. Due to the limited size of any treebank, this search strategy will fail for
many sentences. In such cases, the parser backs off to a more robust module,
which applies less conservative search strategies. The first strategy is to search
for longer sentences if the input sentence has been found in the instance base but
the last word did not constitute a leaf node. In order to keep this search efficient
and to exclude unreasonable analyses, a maximal number of additional words
is specified which can be attached to the input sentence. If such a sentence is
found, the resulting tree needs to be shortened to fit the input sentence.

If the first strategy fails, the parser attempts to find the sequence ofPOStags.
Since this search is based on less reliable information thatthe sequence of words,
the omission of words or phrases is not allowed for this search. If a sentence with
the same sequence ofPOS tags is found, the respective tree can be used without
adaptation.

The most important strategy in the backing-off module is thesearch for chunk
sequences. For this strategy, the input sentence is first processed by the chunk
parser3. A chunk parser is a cascade of deterministic finite-state transducers.
This allows a very robust and efficient first analysis of the phrasal and clausal
structure of a sentence. The input sentence “ab Donnerstag bin ich wieder hier”
(from Thursday on I will be here again) is assigned the chunk structure shown in
Figure 3.

[simpx [px [appr ab]
[nx2 [day Donnerstag]]]

[fcop bin]
[nx4 [pper ich]]
[advx [adv wieder]]
[advx [adv hier]]]

Figure 3:The output of the chunk parser

The sentences in the instance base are also chunk parsed during the training
phase. Based on the similarity between chunk structures concerning yield and3 For the present implementation, Steve Abney’s chunk parserCASS (Abney 1996) was used.
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chunk type, the most similar tree is selected from the instance base. The search
can be performed in two different modes: in the first mode, theparser also com-
pares the head words of the chunks, i.e. the search is lexicalized to some extent.
If this strategy is not successful, the parser performs the search again without the
lexicalization, i.e. only comparing yield and chunk type.

In the above mentioned example, the search for identical chunk sequences
will be successful for sentences such as “ab Donnerstag dem dritten bin ich
wieder hier” (from Thursday the third on I will be here again)or “nach einer
langen Woche sind Sie dann zurück” (after a long week you will be back then).
Here, the parser can rely on the chunk analysis, which distinguishes more phrase
types than the treebank annotation. The analysis in Figure 3shows that date
phrases, such as “Donnerstag”, constitute a different typeof noun phrases than
pronouns, such as “ich”. Both of them are different from standard noun phrases
or coordinated noun phrases.

Since the internal structure of the chunks in the input and the most similar
sentence may be different, the structure of the most similarsentence needs to be
adapted to the input sentence. In order to achieve this, the phrases in the tree
structure which correspond to a specific chunk need to be identified and, if they
differ in structure from the input sentence, replaced by thecorrect phrases. Find-
ing correct phrase-internal annotations in the instance base is quite straightfor-
ward because phrases with the samePOSsequence share the same tree structure
in a majority of cases. The identification of phrases corresponding to chunks,
however, is far from trivial because a chunk may correspond to more than one
phrase. In such cases, several phrases in the tree structuremay have to be re-
placed, and the correct phrases with the correct yield need to be found. In such
cases, thePOS sequence may be too general: These cases often involve noun
chunks which start with one or more adverbs. Here, it is unclear whether the
adverbs need to be grouped into a separate adverbial phrase or whether they ac-
tually modify the noun phrase. Such a decision generally involves lexical and
semantic knowledge, which the parser does not have.

4 Evaluation

MBP is a very efficient parser since it is mostly deterministic. The parser forgoes
a complete search of the search space and instead prefers a best-first left-to-right
search for the most similar tree. In order to minimize the loss in quality, it uses a
wider context than most other parsing algorithms.

MBP was evaluated on the approximately 67,000 trees of TüBa-D/S (cf. Sec-
tion 2). For every test run, the sentences extracted from thetreebank annotations
were first sent through preprocessing, i.e.,POStagging using TnT (Brants 2000)
and chunk parsing usingCASS (Abney 1996). Then MBP assigned complete
analyses to the sentences. The time and memory requirementswere tested on an
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10-fold CV leave-one-out
labeled recall (syntactic categories) 82.45% 85.15%
labeled precision (syntactic categories) 87.25% 89.34%
F1 84.78 87.19
labeled recall (incl. functional categories) 71.72% 76.00%
labeled precision (incl. functional categories) 75.79% 79.65%
F1 73.70 77.78
functional recall of attached constituents 95.31% 96.56%
functional precision of attached constituents 95.21% 96.48%
F1 95.26 96.52

Table 1: MBP’s results for the T̈uBa-D/S treebank

Athlon 1700+ (256 MB memory). MBP used approximately 82 MB ofmemory
in training and 52 MB in testing. Training with all 67,000 trees lasts 447 sec-
onds, parsing 6,697 sentence requires 115 seconds, including POS tagging and
chunking. In other words, MBP parses more than 58 sentences per second.
The evaluation of MBP was performed with two test designs:ten-fold cross
validation (10-fold CV) and leave-one-out testing(LOO testing). The results of
the evaluation are shown in Table 1, in the first column for 10-fold CV, in the
second column forLOO testing. The results for 10-foldCV were averaged over
the results of the ten test runs, the results forLOO testing over 5,000 test runs.
From the parses, thePARSEVAL measureslabeled precisionand labeled recall,
both based solely on syntactic categories, as well as(function-) labeled recall
and(function-) labeled precision, based on syntactic categories and grammatical
functions, were calculated.

The first three metrics concern labeled recall, labeled precision, and the F-
score based on only the syntactic categories of the constituents (ignoring the
functional labeling) while the next three figures give the performance of the
parser when acombination of syntactic and functional labelsis evaluated. These
measures, however, do not make a distinction whether a constituent receives the
wrong grammatical function or whether the constituent could not be attached by
the parser. In both cases, the combination of syntactic and functional labels for
the gold standard and the parser’s output are not identical and are thus counted
as incorrect. An unattached constituent, however, leads toat least one more
incorrect constituent since the node that should dominate this constituent con-
sequently shows the wrong yield. For this reason, the percentage of unattached
constituents is also shown, i.e. the percentage of root nodes in the parser output
which have an equivalent node in the gold standard, but whichis not a root node.
These numbers show that a considerable number of constituents could not be
attached.

For both types of evaluation, the syntactic evaluation as well as the evaluation
on both syntactic and functional labels, the numbers for precision are consider-
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Figure 4:An example for a partial analysis

ably higher than for recall. This, in combination with the high percentage of
unattached constituents, is an indication that the parser could not find a spanning
analysis for sentences in all cases. If, however, such a spanning analysis was
found, the parse is extremely reliable.

Additionally, the last three lines in Table 1 give an evaluation of the func-
tional labeling of constituents that could be attached to a higher constituent.
Unattached phrases result in low precision numbers since the unattached root
node does not contain the correct grammatical function. Figure 4 gives an exam-
ple for a partial analysis for the sentence “also mindestenszwei Treffen denke
ich müßten wir noch abhalten” (so I think we still need to have at least two more
meetings).

Here, the parser could not attach the noun phrase “mindestens zwei Treffen”
to the remainder of the sentence “müßten wir noch abhalten”. When analyzing
precision based on syntactic categories and grammatical functions, the root node
of the noun phrase would count as incorrect since it does not carry the grammat-
ical functionOA, which it would be assigned if it were attached. In the analysis
shown in the last three lines in Table 4, consequently only those nodes were
counted which are dominated by another node, i.e., non-rootnodes. Therefore,
the root node of the noun phrase is not considered in the calculation, and for this
example, the only incorrect grammatical function isV-MOD, which should cor-
rectly be analyzed asMOD. This evaluation based only on attached constituents
shows that the parser very reliably recognizes grammaticalfunctions when it
is able to find complete analyses and does not have to resort topartial parses.
The lower figures in the general evaluation suggest that the parser needs to be
extended so that it is more flexible in finding the most similartree.

The treebank which was used for testing the parser was relatively small as a
training set for such a complex task. For this reason, aLOO test was performed to
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trie-based search only backing-off module only
recall (synt. cat.) 72.02% recall (synt. cat.) 82.95%
precision (synt. cat.) 77.97% precision (synt. cat.) 87.96%
F1 74.88 F1 85.38
recall (+ func. cat.) 42.65% recall (+ func. cat.) 70.52%
precision (+ func. cat.) 46.14% precision (+ func. cat.) 74.73%
F1 44.33 F1 72.56
func. recall – attached 97.91% func. recall – attached 94.63%
func. prec. – attached 97.90% func. prec. – attached 94.51%

Table 2:The comparison of tree-based search vs. backing-off

see how the parsing results change when the parser is provided with more data.
It is obvious from the comparison of the two test designs in Table 1 that both
precision and recall increased significantly in theLOO tests; this indicates that
the performance of the parser would increase even further ifmore syntactically
annotated training data were available.

In order to test the generalization capacity and correctness of the two mod-
ules of the parser, each module was tested separately. In thecase of the trie
search, this means that if the module did not find any similar enough sentence
in the instance base, the input sentence was split up into chunks, and the chunks
were looked up and annotated, but no attempt was made to groupthese separate
phrases into a tree. In the case of the backing-off module, the sentences were
sent directly to this module.

The results of these test runs are shown in Table 2. Looking atthe table, it
is evident that the figures for the trie-based search are significantly lower than
those for the complete parser, which shows that this module has a very restricted
coverage. The results for the backing-off module, on the other hand, are slightly
higher than for MBP. This is counterbalanced, however, by the lower quality of
functional labeling in the cases where the trie-based module was successful in
finding a similar sentence in the instance base (cf. rows 4-8 in Table 2). Thus,
the combination of both modules gives the best balance between coverage and
quality.

5 Conclusion and future work

MBP is a memory-based parser that implements a new approach to parsing:
MBP attempts to find the most similar sentence in the instancebase relying on
many different types of information: the word sequences themselves, theirPOS

tags, and their chunk analysis.
The results of 79.65% correct constituents and grammaticalfunctions in over-

all trees and of 96.48% correct grammatical functions for attached constituents
validate the general approach of a memory-based parser.
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Further improvements can be expected from the inclusion of morphological in-
formation (cf. (Hinrichs & Trushkina 2002) for such a system) because disam-
biguated morphological information for phrases is a reliable, and often the only,
source for disambiguating the grammatical function of the phrase. Until recently,
however, there was no automatic morphological disambiguation available for
German.

It is also planned to extend the parser to ak-nn approach similar to the one
described in (Streiter 2001), as the use ofk nearest neighbors has proven to be
advantageous for many MBL applications. Since for memory-based parsing, a
higher number ofk would lead to several competing tree structures, Streiter’s
algorithm selects a number of candidates for the most similar sentence and then
uses a more fine grained search to select the ultimate candidate. This search can
be based onEDIT DISTANCE when the deleting and adding actions are performed
on chunks. Such an modification of the algorithm would allow for a more flexible
search for the most similar tree since the parser will no longer be restricted to
finding complete prefixes of word sequences.

The leave-one-outevaluation shows that the size of the training corpus is
rather small for finding the most similar sentence in the instance base. Anno-
tating more sentences manually, however, is is rather expensive. But there are
methods which would allow an automatic extension of the data: One possibility
would be the use of the active-passive diathesis in order to generate the alternates
for the sentences in the treebank. Another way of modifying sentences and their
trees automatically could be based on the relatively free word order in German.
As mentioned above, German only has relatively few restrictions on the order
of no-verb phrases in the sentence. Since MBP does not break atree into rules,
it cannot cover all possible phrase orders of a sentence. Thus it would profit if
different alternations of a sentence could be provided.
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Abstract
This work presents a phrase recognition system based on perceptrons, and
an online learning algorithm to train them together. The recognition strat-
egy applies learning in two layers, first at word level, to filter words and
form phrase candidates, second at phrase level, to rank phrases and select
the optimal coherent set. We provide a global feedback rule which reflects
the dependencies among perceptrons and allows to train themtogether on-
line. Experimentation on partial parsing problems and named entity extrac-
tion gives state-of-the-art results on theCoNLL public datasets. We also
provide empirical evidence that training the functions together is clearly
better than training them separately, as in the conventional approach.

1 Introduction

Over the past few years, many machine learning methods have been applied to
NLP tasks in which phrases of some type have to be recognized. Generally,
given a sentence — as a sequence of words — the task is to predict a bracket-
ing for the sentence representing a structure of phrases, either sequential (e.g.,
base syntactic chunks, named entities, etc.) or hierarchical (e.g., clause structure,
parse trees, etc.). The usual approach under the discriminative paradigm consists
of decomposing the global phrase recognition problem into anumber of local
learnable subproblems, and infer the global solution from the outcomes of the
local subproblems. For chunking the approach is typically to perform a tagging.
In this case, local subproblems include learning whether a word opens, closes,
or is insidea phrase of some type, and the inference process consists of comput-
ing the optimal tag sequence which encodes the phrases, by means of dynamic
programming (Punyakanok & Roth 2001, Kudo & Matsumoto 2001). To recog-
nize hierarchical structure, additional local decisions are required to determine
the embedding of phrases, resulting in a more complex inference process which
recursively builds the global solution (Ratnaparkhi 1999,Carreras et al. 2002).

A usual approach for solving the local subproblems is to learn a separate
classifier for each decision, by maximizing some local measure of performance,
such as classification accuracy on the local decision. However, when perform-
ing the phrase recognition task, the classifiers are used together and dependently.
Moreover, the global performance of a system is measured in terms of precision
and recall of the recognized phrases, which is not directly the local classification
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accuracy for which the classifiers are usually trained. Recent works on the area
provide alternative learning strategies in which the learning process is guided
from a global point of view. In the online setting, Collins (2002) presents a
variant of the perceptron for tagging, in which the learningfeedback is glob-
ally given from the output of the Viterbi decoding algorithm. Also, Crammer
& Singer (2003) present a topic-ranking algorithm, in whichseveral perceptrons
receive feedback from the ranking they produce over a training instance. Alterna-
tively, recent works on conditional random fields provide techniques to estimate
a global conditional distribution of probabilities which models the task (Sha &
Pereira 2003).

In this paper, we present a learning architecture based on filters and rankers
for the general task of recognizing phrases in a sentence. Given a sentence,
learning is first applied at word level to filter out non plausible phrase candi-
dates. Then, learning is applied at phrase level to score phrase candidates and
decide the optimal set to form the solution. The overall strategy can be seen,
therefore, as an inference process which, guided by the learned functions, ex-
plores only a plausible set of coherent solutions to find the best scored one. It is
worth noting that the second layer deals with phrase candidates and may take into
account partially constructed phrase structures. An advantage of working at this
level is that very rich and informed feature representations can be used to exploit
structural properties of the examples, possibly through the use of kernel func-
tions. However, a disadvantage of working with high level constructs is that the
number of candidates to explore increases (e.g., there is a quadratic number of
phrases with respect to the number of words in a sequence) andthe search space
may become too large to be explored. This fact motivates the introduction of
the word–level filtering layer, which makes the global problem computationally
tractable by reducing the search space in which the high–level layer operates.

Our main contribution is a recognition-based feedback rulewhich allows to
learn the decisions in the system as perceptrons, all in one go. The learning strat-
egy works online at sentence level. When visiting a sentence, the perceptrons
are first used to recognize the set of phrases, and then updated according to the
correctness of the solution. The update rule reflects to eachperceptron its com-
mitted errors from a global point of view, in a conservative manner. As a result,
the learned functions are automatically approximated to behave as word filters
and phrase rankers, and thus, become adapted to the recognition strategy.

The evaluation of the presented architecture has been performed using the
CoNLL public datasets, obtaining state-of-the-art performanceon three relevant
NLP problems (namely chunking, clause identification and namedentity extrac-
tion), while being conceptually simple and flexible. We alsoprovide empirical
evidence that training the functions together is clearly better than training them
separately, as in the usual approach.
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2 The phrase recognition model

Let x be a sentence consisting of a sequence ofn words[x1; x2; : : : ; xn℄, belong-
ing to the sentence spaceX . LetK be a finite set of predefined phrase categories.
A phrase, denoted as(s; e)k, is the sequence of consecutive words spanning from
wordxs to wordxe, with s � e andk 2 K. Let p1=(s1; e1)k1 andp2=(s2; e2)k2
be two different phrases. We define thatp1 andp2 overlapiff s1<s2�e1<e2 ors2<s1�e2<e1, and we note it asp1�p2. Also, we define thatp1 is embedded
in p2 iff s2�s1�e1� e2, and we note it asp1�p2.

LetP be the set of all possible phrases, i.e.,P = f(s; e)k j 1�s�e; k2Kg.
In a phrase recognition problem, asolutionfor an input sentencex is a finite sety of phrases which iscoherentwith respect to someconstraints. We consider
two types of constraints: overlapping and embedding. For the problem of rec-
ognizing sequentially organized phrases, often referred to aschunking, phrases
are not allowed to overlap or embed. Thus, the solution spacecan be formally
expressed asY = fy�P j 8 p1; p2 2 y p1 6�p2 ^ p1 6�p2g . For the problem of
recognizing phrases hierarchically organized, a solutionis a set of phrases which
do not overlap but may be embedded,Y = fy � P j 8 p1; p22y p16�p2g .

The learning problem for phrase recognition is as follows. Given a training
setS = f(x1; y1); : : : ; (xm; ym)g, wherexi are sentences inX andyi are solu-
tions inY, the goal is to learn a functionR : X ! Y which correctly recognizes
phrases on unseen sentences. We consider two components within this function,
both being learning components of the recognizer. First, afiltering functionF
which, given a sentencex, identifies a set of candidate phrases, not necessarily
coherent, for the sentence,F(x) � P. Second, ascorefunction which, given a
phrase, produces a real-valued prediction indicating the plausibility of the phrase.

Using the two components, thephrase recognizer, R, is modeled as a func-
tion which searches a coherent phrase set for a sentencex according to the fol-
lowing optimality criterion:R(x) = arg maxy�F(x) j y2Y X(s;e)k2y s
ore((s; e)k; x; y) (1)

That is, among all the coherent subsets of candidate phrases, the optimal solution
is the one whose phrases maximize the summation of phrase scores.

The filtering functionF is used in a first layer to reduce the search space of
the functionR. It is intended to filter out phrase candidates fromP by apply-
ing decisions at word level but without discarding actual phrases in the solution
(i.e., trying to maintain recall levels as high as possible). A simple setting for
this function is astart-endclassification for each phrase type: each word of the
sentence is considered ask-start —if it is likely to start a type-k phrase— and
ask-end—if it is likely to end a type-k phrase. Eachk-start wordxs with each
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Figure 1:Example of the strategy for recognizing phrasesk-endwordxe, havings � e, form the phrase candidate(s; e)k. Alternatives to
this setting may be to consider a single pair ofstart-endclassifiers, independent
of the phrase types, or to do a different tagging for identifying phrases, such as a
begin-insideclassification.

Once the phrase candidates are identified, the optimal coherent phrase set is
selected according to (1). There is no need to explicitly enumerate each possible
coherent phrase set, which would result in an exponential exploration. Instead,
by guiding the exploration through the problem constraintsand using dynamic
programming the optimal coherent phrase set can be found in polynomial time
with respect to the sentence length. For chunking problems,the solution can
be found in quadratic time by performing a Viterbi-style exploration from left
to right (Punyakanok & Roth 2001). When embedding of phrasesis allowed, a
cubic-time bottom-up exploration is required (Carreras etal. 2002).

Figure 1 shows a schematic example of how the recognition strategy works,
considering generic phrases without type for simplicity. The input sentence is
represented at the bottom as a sequence of wordsx1 : : : x15, each being a small
black circle. The bracketing represents the correct solution for the sentence.

First, thestart-endfunctions are applied to each word. An oblique dashed
line indicates each positive classification: forstartwords (x1, x2, x6, x7, x8, x11,x13) the line goes to the right, whereas forendwords (x5, x10, x12, x14, x15) the
line goes to the left. Note that these local predictions produce errors, such as the
missing start atx3. The intersections of dashed lines correspond to phrase can-
didates, printed as circles. For instance, the start wordx7 together with the end
wordx14 forms the phrase candidate(7; 14). Note that in the filtered space there
are only 27 phrase candidates out of the 120 possible phrases. The grey scale
of circles indicates the prediction of thescorefunction to each phrase candidate.
White indicates a negative prediction (phrase candidate tobe rejected), while
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greys indicate three degrees of positive predictions for phrases (confidence in-
creases from light to dark). Sentence processing is performed by levels from the
bottom-up, i.e., exploring from short to long phrase candidates, and left-to-right
at each level. While predicting phrases, the optimal structure at the explored
region is maintained. Thus, the prediction method applied to a phrase can take
advantage of the predicted solution found within the phrase. For instance, when
scoring the phrase(7; 14) a hierarchy of four phrases is found inside. When rep-
resenting the phrase into features, high-level patterns ofthe inside structure can
be exploited, possibly by means of kernel functions.

At the end of the process, the global optimal structure has been computed.
The selected phrases are marked with circles (for corrects)or squares (for the
over-predicted). The selection has been made so as to maximize scores, respect-
ing overlapping constraints in the selected set. A correct phrase, missed in the
solution, appears as a triangle. Note that among all local errors produced in the
process by the three functions (start at words 3 and 6,endat word 12, andscore
at phrase candidates(2; 10), (2; 12), (6; 10), (6; 14), and(7; 15)), only three are
critical at propagating to the global solution:start at words 3 and 6, andscore
at (6; 14). The latter are the only ones that produce an update to the classifiers’
weights during training. See description of the learning algorithm in Section 3.

3 Online learning via recognition feedback

In this section, we describe an online algorithm for training the learning compo-
nents of the phrase recognizer, namely thestart-endclassifiers inF and thescore
function. The learning challenge consists in approximating the functions so as
to maximize the globalF1 measure on the problem, taking into account that
the functions interact. Each function is implemented usinga linear separator,hw : Rn ! R, operating in a feature space defined by a feature representation
function,� : X ! Rn , for some instance spaceX . The functionF consists
of two classifiers per phrase type: thestart classifier (hkS) and theendclassifier
(hkE). Thus, theF function is formed by a prediction vector for each classi-
fier, noted aswkS or wkE, and a shared representation function�w which maps a
word in context into a feature vector. A prediction on a wordxi is computed
ashkS(xi; x) = wkS � �w(xi; x), and similarly for thehkE, and the sign is taken as
the binary classification. Thescorefunction computes a real-valued score for a
phrase candidate(s; e)k. We implement this function with a prediction vectorwk
for each typek 2 K, and also a shared representation function�p which maps a
phrase into a feature vector. The score prediction is then given by the expression:s
ore((s; e)k; x; y) = wk � �p((s; e)k; x; y).

The mistake-driven online learning algorithm proposed will be referred to
asFR-Perceptron since it is a perceptron-based learning algorithm that approx-
imates the prediction vectors inF asfilters of words, and the score vectors as
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rankersof phrases. It starts with all vectors initialized to0, and then runs repeat-
edly in a number of epochsT through all the sentences in the training set. Given
a sentence, it predicts the optimal phrase solution given by(1) using the current
vectors. As in the perceptron algorithm, if the predicted phrase set is not perfect
the vectors responsible of the incorrect prediction are updated additively. The
pseudocode is as follows:� Input: f(x1; y1); : : : ; (xm; ym)g, xi are sentences,yi are solutions inY� Define:W = fwkS;wkE;wkjk 2 Kg.� Initialize: 8w 2W w = 0;� for t = 1 : : : T , for i = 1 : : : m :

(1) ŷ = RW (xi)
(2) re
ognition learning feedba
k(W;xi; yi; ŷ)� Output: the vectors inW .

We now describe the recognition learning feedback, designed to naturally fit the
phrase recognition setting. Lety� be the gold set of phrases for a sentencex,
and ŷ the set predicted by theR function. LetgoldS(xi; k) and goldE(xi; k)
be, respectively, the perfect indicator functions forstart andendboundaries of
phrases. That is, they return 1 if wordxi starts/ends somek-phrase iny� and -1
otherwise. The algorithm is mistake driven, which means that for all the phrases
correctly identified the recognition learning feedback does nothing. Regarding
the errors, we differentiate two kinds of phrases in order togive feedback to the
functions being learned:

(i) Missed phrases, 8(s; e)k 2 y�nŷ:

(1) Update misclassified boundary words:
if (wkS � �w(xs) � 0) thenwkS = wkS + �w(xs)
if (wkE � �w(xe) � 0) thenwkE = wkE + �w(xe)

(2) Update score function, if applied:
if (wkS � �w(xs) > 0 ^ wkE � �w(xe) > 0) thenwk = wk + �p((s; e)k)

(ii) Over-predicted phrases, 8(s; e)k 2 ŷny�:
(1) Update score function:

wk = wk � �p((s; e)k)
(2) Update words misclassified as S or E:

if (goldS(xs; k) = �1) thenwkS = wkS � �w(xs)
if (goldE(xe; k) = �1) thenwkE = wkE � �w(xe)

As a practical issue, it should be noted that in our implementation all updates are
performed in parallel, that is, the conditions of the feedback rule are evaluated
with the initial set of vectors. Additionally, the updates of the start-endvectors
are performed only once per word, although an incorrect prediction on a word
may generate several incorrect phrases.
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This feedback models the interaction between the two layersof the recognition
process. Thestart-endlayer filters out phrase candidates for the scoring layer.
Thus, misclassifying a boundary word of a correct phrase blocks the generation
of the candidate and produces a missed phrase. Therefore,startor endprediction
vectors are moved toward the misclassified boundary words ofa missed phrase.
When an incorrect phrase is predicted, the vectors of thestart or endwords are
moved away, provided that they are not actual boundary wordsin the solution.
Note that we do not care about false positives, i.e.,start or endwords which do
not finally over-produce a phrase. Regarding the scoring layer, each category
vector is moved toward missed phrases and away from the over-predicted.

It is important to note that the feedback rule operates only on the basis of the
predicted solution̂y, avoiding to make updates for every prediction the function
has made. Thus, the learning strategy takes advantage of therecognition process,
and concentrates on assigning high scores for the correct phrases and making the
incorrect competing phrases to score lower than the correctones. Consequently,
it tends to approximate the desired behavior of the globalR function, i.e., to
make the summation of the scores of the correct phrase set maximal with respect
to other phrase set candidates. This learning strategy is closely related to other
works on learning ranking functions (Collins 2002; Crammer& Singer 2003,
Har-Peled et al. 2003).

4 Phrase recognition in natural language

In this section we briefly describe problems in the natural language domain in
which phrases of some type have to be recognized. For all the problems we fol-
lowed the setting of theCoNLL conference shared tasks, yearly organized by the
ACL ’s SpecialInterestGroup onNaturalLanguageLearning. For more informa-
tion one may consulthttp://cnts.uia.ac.be/signll/shared.html .

The first two problems concern the recognition of syntactic phrases for the
English language, and are released with data of thePennTreebank. Inchunk-
ing, also known as shallow parsing, the base syntactic phrases,or chunks, of
a sentence have to be recognized. The chunks in a sentence cannot overlap
and are non-recursive, that is, they can not be embedded. TheCoNLL -2000 task
consisted of recognizing 11 different types of chunks on thebasis of words and
part-of-speech tags. The second problem,clause identification, consists of rec-
ognizing the clauses of a sentence. A clause can be roughly defined as a phrase
with a subject, possibly implicit, and a predicate. Clausesin a sentence form
a hierarchical structure which constitutes the skeleton ofthe full syntactic tree.
Thus, embedding of clauses is allowed. The goal of theCoNLL -2001 task was to
recognize clauses on the basis of words, part-of-speech tags and base chunks.

The last problem isnamed entity recognition and classification(NERC),
an information extraction problem in which the goal is to recognize named en-
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tities (NE) in a sentence and categorize them, for instance, in one of the fol-
lowing broad categories: person, location, organization or miscellaneous. The
CoNLL -2003 task concerned this problem, with the above four categories, for the
English language, in the context of news articles from theReuters corpus.

5 Feature vector representation

In this section we describe the representation functions�w and�p, which respec-
tively map a word or a phrase and their local context into a feature vector inRn ,
which in practice is a binary space. First we define a set of primitive functions
which apply to words or sequences of words:� Word(w): The form of wordw.� PoS(w): The part-of-speech tag of wordw.� ChunkTag(w): The chunk tag of wordw.� OrthoFlags(w): Binary flags of wordw with regard to how is it capi-

talized (initial-caps, all-caps), the kind of characters that form the word
(contains-digits, all-digits, alphanumeric, Roman-number), the presence
of punctuation marks (contains-dots, contains-hyphen, acronym), single
character patterns (lonely-initial, punctuation-mark, single-char), or the
membership to a predefined class (functional-word, or pattern (URL).� OrthoTag(w): A tag with regard to orthographic features, which is ei-
thercapitalized(C), lowercased(l ), functional(f ), punctuation mark(. ),
quote(’ ) or other(x ).� Affixes(w): The prefixes and suffixes of the wordw (up to 4 characters).� P -Gram([ws; : : : ; we℄): The conjunction of the outputs of the primitiveP on wordsws; : : : ; we. We work with Word-Grams, PoS-Grams, and
OrthoTag-Grams. For instance, theOrthoTag-Gram for “John Smith payed
3 euros” isCClxl .

For representingwords (function �w), we compute primitives in awindowof
words aroundxi, i.e., wordsxi+l with l 2 [�Lw;+Lw℄. Each primitive label,
together with each relative positionl and each returned value forms a final bi-
nary indicator feature. Specifically, we compute: (i)Word andPoS primitives;
(ii) PoS-Grams on all sequences within the window which include the central
word; (iii) For clausing, alsoChunkTag primitives (given in the input); (iv) For
NERC, alsoOrthoFlags,Affixes, andOrthoTag-Grams on all sequences which in-
clude the central word; (v) Left Start-Ends: flags indicating whether the words in[�Lw;�1℄ have been predicted asstart and/orendwords of ak-phrase,k 2 K.

For representingphrases(function�p), we capture the context of the phrase
and the phrase itself. For the context, we evaluate: (i) A[�Lp; 0℄ window of
primitives at thes word and a separate[0;+Lp℄ window at thee word. These
windows includeWords andPoS. On clausing, alsoChunkTag features. On
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NERC, alsoOrthoFlags andOrthoTag-Grams; (ii) Elements to the left of thes
word (only for chunking andNERC). An element is either an already recognized
phrase (we reduce its words into a single element and represent it by the phrase
type) or a word outside a phrase (represented by itsPoS). We consider up to 3
elements, and codify the relative position of each one, and also all conjunctions.

As for the(s; e) phrase itself, we evaluate primitives in[ws; : : : ; we℄ with-
out capturing the relative position. Specifically we consider: (i) The length of
the phrase; (ii)Word andPoS primitives; (iii) PoS-Grams on all subsequences
of up to size 3, and also the completePoS-Gram on the whole sequence; (iv)
Concatenation of the relevant elements in the sequence (only for clausing), in-
cluding among others: punctuation marks and coordinate conjunctions, the word
“that”, relative pronouns, verb phrase chunks, and the top clauses within the se-
quence, already recognized through the bottom up search; (v) Only for NERC,
Word-Gram of the whole phrase,OrthoTag-Grams on subsequences of sizes 2, 3
and 4, and theAffixes of each word.

6 System implementation and experiments

The final implementation of our system makes use of thevoted perceptronalgo-
rithm (Freund & Schapire 1999), instead of the traditional perceptron. Here, each
perceptron vector generated during training is associatedwith a weight, which
tracks the number of correct positive decisions predicted by the vector. Then,
when testing, the final prediction is anaveragedvote over the predictions of
each vector. As a secondary issue, the same paper develops the dual formulation
of the perceptron, which allows the use ofkernel functions. In this work we used
standardpolynomial kernelsof degree 2. Initial experiments on the problems
showed poor performance for the linear case (specially on clause identification)
and no significant improvements for higher degrees.

We performed experiments with our system on each problem described in
Section 4. For chunking and clause identification we set a pair of start-end
functions for each type of phrase, whereas forNERC we set only twostart-end
functions which were shared among allNE types. On each problem, we ran the
FR-Perceptron for 25 epochs on the training data, and evaluated the performance
on the development sets to select the optimal point in terms of F1. Feature win-
dows were also adjusted using the development set: for chunking we set bothLw
andLp to 2, whereas for the two other problems we set them to 3. As a general
behavior, on each problem the global performance substantially increased during
the first 5 epochs, and then became somewhat stable, with minor improvements
(Figure 2 plots the learning curve on clause identification). Table 1 shows the
obtained performance on each problem. The results are fairly good in all cases.

On chunking, we obtained a very good performance of 93.79 which is close
to the two best works published on the data. Kudo & Matsumoto (2001) per-
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development test
T precision recall F1 precision recall F1

chunking 08 93.83% 92.77% 93.30 94.20% 93.38% 93.79
clause id. 20 90.56% 85.73% 88.08 88.17% 82.10% 85.03
NERC 12 89.59% 88.17% 88.87 83.93% 83.43% 83.68

Table 1:Results of the three problems on the development and test sets

type precision recall F1 type precision recall F1
ADJP 83.80% 68.49% 75.38 ADVP 85.29% 79.68% 82.39
CONJP 50.00% 44.44% 47.06 INTJ 100.00% 100.00% 100.00
LST 00.00% 00.00% 00.00 NP 94.55% 94.37% 94.46
PP 96.50% 98.13% 97.31 PRT 78.82% 63.21% 70.16
SBAR 90.81% 79.44% 84.75 VP 93.90% 93.22% 93.56

Table 2:Detailed results on the chunking task

formed several taggings withSVM classifiers, which were later combined. They
report a performance of 93.85 with an individual tagging and93.91 by combin-
ing many taggings. Their system makes use of several hundreds of SVM clas-
sifiers applied to each word, whereas we only need 22 perceptrons for filtering
words and 11 perceptrons for scoring phrases. In contrast, their feature space
is simpler than ours, since we exploit rich features on phrases. The best work
on the data is (Zhang et al. 2002), which applied regularizedWinnow. They
report a base performance of 93.57, and an improved result of94.17 by using
external grammatical information. Table 2 shows the performance of our chun-
ker on each individual phrase type. Looking at the recognition of Noun Phrases
(NP), our system, withF1 = 94:46, slightly outperforms recent systems trained
specifically for this chunk. Kudo & Matsumoto (2001) obtained 94.39 with com-
bination ofSVMs. Sha & Pereira (2003) obtained 94.38 with conditional random
fields. They also report 94.09 for the perceptron-based tagger by Collins (2002).

On clause identification, our system improves the performance of the best
system published so-far (Carreras et al. 2002), which obtainedp = 90:18%,r = 78:11%, andF1 = 83:71 on the test set. That system made use of the
same phrase recognition model, and the decisions were learned separately by
AdaBoost classifiers. Additionally, the scoring function was a robust combina-
tion of several classifiers.

On NERC, we obtained a performance of 83.68 on the test set, which is com-
petitive, given the basic feature we used, but still far fromthe top systems of
the competition, which achieved above 88 inF1. It seems that the feature en-
gineering and the use of external resources, such as large gazetteers, allows to
substantially improve the results on this problem.

To get a clearer picture of theFR-Perceptron learning strategy, we were inter-
ested in comparing it against usual alternatives, for clause identification. We first
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Figure 2:Evolution of the performance on clause identification

considered a batch classification setting, in which each function is trained sepa-
rately via binary classification loss. To do so, we generatedthree datasets from
training sentences, one for each function. For thestart-endsets, each word in
the data formed a training example. For thescoreset, we generated only phrases
formed by correctstart-endpairs. In this setting, we trained the functions with
the voted perceptron batch algorithm for binary classification (CB-VP), and also
asSupportVectorMachines (SVM). Secondly, we considered an online alterna-
tive in which the functions are trained together via binary classification loss. As
in theFR-Perceptron the score function is trained with respect to the actual be-
havior of the start-end functions, but here binary classification feedback is given
instead of recognition-based feedback. We refer to this model asCO-VP.

Figure 2 shows the performance curve on the development set in terms of theF1 measure with respect to the number of epochs during training. Clearly, the
behavior of theFR-Perceptron is much better than the others, being at any epoch
2 points better than the onlineCO-VP model, and far from the batch models. It
seems quite evident that online models perform better than batch models because
they are able to capture the interaction between the filtering and ranking layers.
Furthermore, looking at the difference betweenFR-Perceptron andCO-VP, this
interaction is better exploited with the proposed recognition-based feedback than
with the usual binary classification feedback.

7 Conclusions

We have presented a learning architecture for general phrase structure recog-
nition. The method makes use of several decision functions operating in two
layers: at word level, to identify phrase candidates, and atphrase level, to score
the optimal ones. Doing so, we are able to incorporate rich features which rep-
resent partial structures of the solution. The main contribution of the work is to
propose a simple online learning algorithm for training, atthe same time, all the
involved functions in the form of voted perceptrons.

We have empirically proved the generality and feasibility of the approach by
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applying it to different phrase recognition problems on named entity recognition
and partial parsing, in which we achieve the state-of-the-art performance. The
experimentation evinces that exploiting the interaction between learned func-
tions during learning results in a better global behavior.
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Cascaded Finite-State Partial Parsing:
A Larger-First Approach
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Abstract
A larger-first approach to partial parsing is presented. This approach is op-
posite to current easy-first approaches, and is capable of producing a more
detailed partial parse. Syntactic relations are identifiedin descending or-
der of their size. Special consideration is given to the comma punctuation
mark. Its presence is used in identifying large syntactic relations and es-
tablishing a boundary for containment of ambiguity. The system is tested
on the Wall Street Journal section of the Penn Treebank III and compared
against a well-known easy-first approach.

1 Introduction

A growing trend in natural language processing is to decompose a parser into
intermediate components. First, part-of-speech information is assigned to each
word in the sentence. Next, a partial parse of the sentence identifying larger
phrases and clauses is produced. Finally, a semantic analysis is performed to
determine verb meaning and thematic roles, and resolve attachment issues. Un-
like part-of-speech tagging (Brants 2000; Brill 1994) and semantic interpretation
(Gomez 2001), no formal standard has been defined which establishes the detail
or richnessthat a partial parser can and should achieve. We present a larger-first
approach to partial parsing which is opposite to current easy-first approaches.
Syntactic relations are identified primarily in a descending order of their size.
The approach is implemented with specialized sets of deterministic finite state
automata that assign a hierarchy of tags to the tokens in the sentence.

Abney (1996) defines an easy-first finite state approach to partial parsing
(namedCASS1) in which smaller syntactic relations, like noun and verb phrases,
are identified first then combined to form larger syntactic relations, like prepo-
sitional phrases and relative and subordinate clauses. Thelarger-first approach
uses simple deterministic finite state automata to first identify larger relations
and then focus on the smaller relations comprising them.

The first step in larger-first partial parsing is to determinethe syntactic roles
of commas (van Delden & Gomez 2004, 2003; Bayraktar et al. 1998), since
commas are usually used to delimit or comprise large syntactic relations. Jones1 CASS Version 1h was used in our experiments
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(1994) notes that the comma is the most abundant punctuationmark in Wall
Street Journal Penn Treebank (Marcus et al. 1993). A closer analysis of the Wall
Street Journal Section of the Penn Treebank III reveals that65% of all sentences
contain at least one comma with: 20% containing two commas; 9% containing
three commas; 4% containing four commas, and almost 2% containing five or
more commas. We have found that the syntactic roles of commascan be deter-
mined with a 95% accuracy when tested on this corpus. A specialized network of
automata for commas is therefore a good foundation on which the rest of the par-
tial parse should be built. Consider the following sentence: Some seals, such as
the leopard seal(Hydrurga leptonyx), are quite predatory,feeding on penguins,
other birds that land on water, and other seals. A partial parsing system must
pay special attention to the roles that are being played by the commas in this sen-
tence in order to realize that there is a relative clause (introduced by a comma)
which contains a list of noun phrases that in turn contains another embedded
relative clause. Such sentences are abundant in the Penn Treebank III.

In this approach: 1) explicit attachment decisions are always avoided, and 2)
containment of attachment ambiguity may only occur within comma-delimited
syntactic relations. Containment of ambiguity refers to limiting the attachment
sites of a syntactic relation to its consuming clause. For example,I picked up
the hammer, (REL which lay next to the nails on the table). The attachment
sites of the prepositional phrasesnext to the nailsandon the tableare limited to
within the comma-delimited relative clause. Also considerthe sentences:Many
foreigners came to Hawaii to work on the plantationsversusMany foreigners
came to Hawaii to work via transportation vessels.It cannot be determined
based on syntax alone where the final prepositional phrase should be attached.
Thereforeon the plantationsandvia transportation vesselsare left unattached -
they could be attached within the infinitival clause or to another peer syntactic
relation in the sentence, like the main verbcame.

Besides the ability to accurately disambiguate commas, thelarger-first ap-
proach is also preferred because it is capable of producing aricher partial parse
than an easy-first approach.Richnessof a partial parse refers to the level of detail
a partial parsing system produces. The larger-first approach is capable of iden-
tifying appositions and partially disambiguating coordinate conjunctions. An
easy-first approach, however, cannot be extended to providesuch richness (see
Section 2 for more details).

The remainder of the paper is organized as follows: Section 2motivates the
need for the larger-first approach; Section 3 describes the syntactic relation set;
Section 4 presents the larger-first partial parsing algorithm; Section 5 evaluates
the performance of the system and compares these results to the CASS system;
and Section 6 concludes the paper.
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2 Motivation

An easy-first approach is unable to provide the detail of a larger-first partial
parser. In particular, attempting to identify appositionsor partially resolve coor-
dination ambiguity will violate the easy-first approach. The larger-first approach
is also preferred due to the ambiguity of the part-of-speechtags (Santorini 1995)
used by most parsing systems.

Attempting to disambiguate appositionsfrom lists of noun phrases would vi-
olate the easy-first approach. Syntactically, an apposition is (usually) a noun
phrase enclosed by commas that appositives a preceding nounphrase. This rela-
tion is syntactically smaller than a list of noun phrases which is composed of at
least three noun phrases, one or two commas, and a conjunction. Consider the
following sentence:John eats a banana, an apple, or a pear for breakfast. An
applewould be incorrectly identified as an apposition by the easy-first approach
since syntactically smaller relations are identified priorto larger relations. This
would occur whenever there is a list of at least three noun phrases with a comma
before the conjunction. The easy-first approach cannot be extended to make this
distinction since smaller relations are always identified prior to larger relations.

Unlike the larger-first approach, the easy-first approach isalso incapable of
being extended to partially disambiguate coordinate conjunctions. Here we de-
fine partial disambiguation as identifying the post-conjunct of a coordinate con-
junction. For example,We sold the car with the cloth interior and the truck
after our boss left.The conjunction is identified as coordinating a noun phrase.
However, no attempt is made to identify the pre-conjunct (the caror the cloth
interior). Partial disambiguation is reasonable at this point sincea semantic al-
gorithm (Argawal & Bogess 1992) can be used to determine the pre-conjunct
afterwards.

Baker (1995) suggests that coordination can be resolved by identifying the
largest relation of similar syntax on either side of the conjunction. The larger-
first approach is ideal for accomplishing such a task. Consider the following
sentence:The boys went to the beach and the girls went to the mall. The larger-
first approach identifies the larger syntactic relations on either side of the con-
junction first and is capable of determining that the conjunction coordinates two
independent clauses. An easy-first approach, however, would incorrectly iden-
tify the conjunction as coordinating the smaller syntacticrelations surrounding
the conjunction - the noun phrases.

The larger-first approach is also better at handling ambiguity that can be
present in part-of-speech tags. For example, the Penn Treebank Tagset (San-
torini 1995) provides one tag (IN) to identify either prepositions or subordinate
conjunctions. Following an easy-first approach, will result in an error whenever
a subordinate conjunction which could also be a prepositionis present. For ex-
ample,John went to the black board after the teacher threatened to expel him.
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In the easy-first approach,after the teacherwould first be identified as a preposi-
tional phrase. This error could possibly be changed later during processing. The
larger-first approach identifies the syntactically larger subordinate clauseafter
the teacher threatened to expel him first, no later changes are needed.

3 The Syntactic Relation Set

The larger-first approach is broken down into four specialized networks of de-
terministic finite state automata: 1) the Comma Network; 2) the Conjunction
Network; 3) the Clause Network; and 4) the Phrase Network.

The comma network identifies syntactic relations that are associated with the
commas in the sentence. Commas are usually used to delimit a syntactic rela-
tion. In this case, the boundary of the syntactic relation ismarked by a comma,
the start of the sentence, or the end of the sentence. However, when commas
are used to coordinate items in a series, a boundary needs to be established. This
boundary is established by avoiding any type of attachment decisions. For exam-
ple,Thomas purchased the house inthe country, the yacht with the 20 foot sail,
and the sports carwith the sunroof. Only the highlighted words are included
in the list of noun phrases.With a sun roofis not included in the list of noun
phrases, because syntactically we cannot determine where it should be attached.
In this case it should be attached tothe sports car, but if it is replaced bywith
the money, then the attachment should occur at the verb. Our definitionof partial
parsing is not violated -with the sunroofcan be attached to a sub clause (the list
of noun phrases) or a peer (the verb). Note, however, that some attachment am-
biguity has been contained. Attachment sites forwith the 20 foot sailare limited
to within the marked list of noun phrases.

The conjunction network identifies syntactic relations that are being coordi-
nated by a coordinate conjunction with no preceding comma. Unlike the comma
network, the boundaries for the conjunction network are very often influenced
by attachment decisions. Conjunctions are only partially disambiguated by iden-
tifying the type of syntactic relations that are being coordinated, leaving the lo-
cation of the pre-conjunct unresolved. For example,We sold the car with the
cloth interior and the truck in the showcase. And the truckis identified as a
noun phrase that is being coordinated. However, the pre-conjunct (the car) is not
recognized and the prepositional phrase (in the showcase) is not attached even
though it appears directly to the right ofthe truck. This attachment requires se-
mantic information (Agarwal & Boggess 1992) and should not be performed by
a primarily syntactic partial parser. For example, the sentence could have been
We sold the car with the cloth interior and the sunroof in the showcase. Even
though these sentences are syntactically equivalent, the pre-conjunct is nowthe
cloth interior andin the showcaseshould be attachedto the car.

Boundary identification by the clause network is also directly influenced by
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attachment issues. For example, considerthat-clauses. No attempt is made to
classify a that-clause as a relative or subordinate clause even though the distinc-
tion is made in the part-of-speech tag that is assigned to it:WDT (relative deter-
miner) or IN (preposition or subordinate conjunction). Syntactic part-of-speech
taggers, however, are not capable of correctly making this distinction. For ex-
ample, syntactically it cannot be determined thatThe news that Mary bought the
car was excitingcontains a subordinate clause andThe news that Mary brought
the family was excitingcontains a relative clause. Furthermore, the exact bound-
ary of the that-clause cannot be determined without semantics. In our approach,
the boundary of a that-clause is reached when an attachment issue is encoun-
tered. For example,I gave the Tulips that I bought in Holland to the children. In
Holland andto the childrenare not included within the that-clause. A semantic
analysis is needed to determine thatin Holland should be included andto the
childrenshould not be included.

4 The larger-first algorithm

If an automaton at any level in the cascade accepts, it assigns a structural tagto
the words that were consumed by specifically marked arcs. The> symbol is used
as a prefix to indicate that the current token is grouped with the token that follows
it. No > prefix marks the end of the syntactic relation. This notationhas been
used in several partial parsing systems (Ramshaw & Marcus 1995; Voutilainen
& Jarvinen 1995) to introduce a new, single layer of tags. However, it is extended
here to the next logical step - representing a partial tree structure of multiple lev-
els within the structural-tags. The larger-first partial parsing algorithm is shown
in Figure 1.

The speed of the algorithm is dependant on the size of the sentence, number
of automata, and number of levels created during the parse. However, since
the number of automata is fixed and the number of levels of structural tags is
relatively small (4 or 5), speed depends primarily of the size of the input sentence
alone.

Each automaton is processed on every level of tags. Initially, there is only one
level of tags - part-of-speech tags assigned to every token by a tagger. Each spe-
cialized network is capable of introducing one or more new levels of structural-
tags to the sentence. In the larger-first approach, the networks are considered
in descending order of the size of the syntactic relations that they identify. First,
the comma network is considered, then the conjunction network, followed by the
clause network, and finally the phrase network.

Within a specialized network, conflicting automata are alsoconsidered in
descending order of size. Consider the following sentence that has been part-
of-speech tagged:Peter/NNP eats/VBZ a/DT banana/NN ,/, an/DT apple/NN ,/,
or/CC an/DT orange/NN for/IN breakfast /NN ./. After part-of-speech tagging,
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foreach networki
foreach automatonij that assigns structural tagj

foreach levelk
try automatonij at each positionn on levelk
if automatonij accepts atn+m

insert structural tagj at levelk to the designated
input tokens and continue processing at the
positionn+m+ 1 of levelk

else
continue processing at positionn+ 1 of levelk

Figure 1:The larger-first partial parsing algorithm

this sentence has one level of tags and would initially be passed to the comma
network. The sentence contains two possible syntactic relations that could be
identified by the comma network: a list of noun phrases or an apposition. A
conflict therefore arises between the automata that recognize these different syn-
tactic relations. The conflict is resolved by identifying the syntactic relations in
descending order of their size. The list of noun phrases would therefore be recog-
nized prior to attempting to recognize appositions. A new level of structural tags
would be assigned by the list of noun phrases automaton:Peter/NNP eats/VBZ
a/>LST-NP/DT banana/>LST-NP/NN ,/>LST-NP/, an/>LST-NP/DT apple/>LST-
NP/NN ,/>LST-NP/, or/>LST-NP/CC an/>LST-NP/ DT orange/LST-NP/NN for/IN
breakfast/NN ./. The first level of tags now includes structural as well as part-of-
speech tags, and the apposition automata will not be able to (incorrectly) identify
an apposition on the first level.

Automata across or within a network are capable of utilizingstructural tags
that have been assigned by previous automata, relaxing the larger-first rule. Con-
sider the following example that has been part-of-speech tagged:President/NNP
Bush/NNP will/MD ,/, after/IN much/JJ debate/NN ,/, postpone/VB a/DT war/NN
with/IN Iraq/NNP ./. The sentence has one level of tags and is passed to the
comma network which identifies a prepositional phrase that is enclosed by com-
mas:President/NNPBush/NNPwill/MD ,/>CO-PP/, after/>CO-PP/IN much/>CO-
PP/JJdebate/>CO-PP/NN,/CO-PP/, postpone/VBa/DTwar/NNwith/IN Iraq /NNP
./. Note, however, that this syntactic relation splits the verbphrasewill postpone.
The verb phrase can be recognized by simply including theCO-PP structural tag
in the verb phrase automaton. When this sentence is passed tothe phrase net-
work, the first level of tags will be:NNP MD>CO-PP>CO-PP>CO-PP>CO-PP
CO-PP VB DT NN IN NNP. On this first level, the verb phrasewill, after much de-
bate, postponeis easily recognized by including a self arc that can be takenon the
CO-PP tag in between the modal and the main verb:MD CO-PP� VB. This minor
adjustment allows the verb phrase automaton to identify theverb phrase. A new
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level of appropriate structural tags(CO-VP) would be introduced:President/NNP
Bush/NNPwill/>CO-VP/MD ,/>CO-VP />CO-PP /, after/>CO-VP />CO-PP /IN
much/>CO-VP />CO-PP /JJ debate/>CO-VP />CO-PP /NN,/>CO-VP /CO-PP/,
postpone/CO-VP/VBa/DT war/NN with/IN Iraq/NNP./.

Consider the following example sentence:We ought to be phasing out the es-
tate tax, and we should work toward a tax code that is unique and modern. The
comma network first recognizes that an independent clause (CO-S) is present
in the sentence, and introduces a new level of appropriate structural-tags. The
remaining networks are now processed on both levels one and two. The con-
junction network recognizes that an adjective is being coordinated (CC-JJ) on
the second level and introduces a new layer of appropriate structural-tags. The
clause network now has three levels to process. An infinitival clause is rec-
ognized on the first level and a that-clause on the second level. Note that the
that-clause automaton consumes the tags that were assignedby the conjunction
network (CC-JJ). This is an example of where a smaller syntactic relation isiden-
tified first and then combined to form a larger one. Finally thephrase network
processes all four levels and groups together any remainingsyntactic relations.
The final output is:

LEVELS: 1 2 3 4 5

We NP PRP
ought VP MD
to >INF TO
be >INF >VP VB
phasing >INF >VP VBG
out >INF VP RP
the >INF >NP DT
estate >INF >NP NN
tax INF NP NN
, ,
and >CO-S CC
we >CO-S NP PRP
should >CO-S >VP MD
work >CO-S VP VB
toward >CO-S >PP IN
a >CO-S >PP >NP DT
tax >CO-S >PP >NP NN
code >CO-S PP NP NN
that >CO-S >THT WDT
is >CO-S >THT VP VBZ
unique >CO-S >THT >PRED JJ
and >CO-S >THT >PRED >CC-JJ CC
modern CO-S THT PRED CC-JJ JJ
. .
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5 Evaluation

The larger-first approach (hereafter referred to asLAFI — LArger-FIrst) was
evaluated on Section 23 of the Wall Street Journal Penn Treebank III (Marcus
et al. 1993). TheCASSsystem was also evaluated on this corpus. The results are
shown in Table 1.

System Accuracy Richer Partial Parse Better Ambiguity Containment
CASS 87.5% � 5.1%
LAFI 88.6% 31.3% 36.3%

Table 1:Evaluation and comparison of theCASSandLAFI systems

CASS was compared againstLAFI by following three evaluation criteria:
1) accuracy on the sentence level, 2) richness or detail of partial parse, and
3) containment of ambiguity.

5.1 Sentence level accuracy

CASS andLAFI identify many similar syntactic relations, motivating a compari-
son between the two approaches. However,LAFI identifies appositions and par-
tially disambiguates conjunctions whichCASS is incapable of identifying. Fur-
thermore, the exact boundaries of the syntactic relations and structure of partial
parse differs across systems. Sentence level accuracy is used here to generate a
rough comparison of both systems based on their own criteriaand syntactic re-
lation set. Since theCASS system identifies a different set of syntactic relations
thanLAFI , it would be illogical to compare them on the syntactic relation level.
Instead, an error was assigned if either system made a mistake on the sentence
level. As shown in Table 1, the evaluation yielded a similar accuracy for both
systems: 87.5% forCASS and a slightly better 88.6% forLAFI . This measure is
intended here only as an indicator thatLAFI is capable of producing an accuracy
comparable to theCASS system.

The main contribution of the larger-first approach is that itis capable of pro-
ducing a richer partial parse and a better containment of ambiguity while main-
taining an accuracy comparable to that of the easy-first approach.

5.2 Partial parse richness

The richness of a partial parse refers to the level of detail apartial parsing system
produces. A system that disambiguates more syntactic relations than another
system delivers a richer partial parse. Sentences that werecorrectly partially
parsed by both systems’ standards were analyzed to see whichsystem created a
more detailed partial parse. As shown in Table 1,LAFI produces a richer partial
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parse on 31.3% of the test sentences, indicating thatLAFI is capable of achieving
a more detailed partial parse thanCASSwhile remaining as accurate as theCASS

system.

5.3 Containment of ambiguity

Sentences that were correctly partially parsed by bothCASS andLAFI were also
analyzed for the extent of containment of ambiguity. SinceLAFI uses comma
information to help limit attachment sites, containment ofattachment ambigu-
ity is often much better in sentences containing commas. As shown in Table 1,
the LAFI system contained ambiguity of attachment sites better thanthe CASS

system for 36.3% of the test sentences - primarily because ofthe information
provided by the comma punctuation mark. In some situations,CASS performs a
right-most attachment of prepositional phrases. In these cases, theCASS system
produces better containment of attachment ambiguity thanLAFI (if the attach-
ment is correct) sinceLAFI does not resolve any explicit attachment decisions.
If an attachment is incorrect an error is generated (Section5.1). The 5.1% better
containment of ambiguity forCASScorresponds to the simple right-most attach-
ment of prepositional phrases that is sometimes performed by theCASS system.

6 Conclusions

A larger-first approach to partial parsing which is oppositeto current easy-first
approaches has been presented. Syntactic relations are identified primarily in
descending order of their size. The accuracy of the larger-first approach is com-
parable to that of the easy-first approach while: 1) producing a more detailed
partial parse than the easy-first approach is incapable of producing; and 2) pro-
viding a better containment of ambiguity by identifying thesyntactic roles of
commas early in the parse. An algorithm has been presented that incrementally
applies each set of specialized automata to an input sentence, capturing a par-
tial tree structure with multiple levels of structural tagsthat are assigned to each
word in the sentence.
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A Constraint-based Bottom-up Counterpart
to Definite Clause Grammars

HENNING CHRISTIANSEN

Roskilde University

Abstract
A new grammar formalism,CHR Grammars (CHRG), is proposed that pro-
vides a constraint-solving approach to language analysis,built on top of
the programming language of Constraint Handling Rules in the same way
as Definite Clause Grammars (DCG) on Prolog. CHRG works bottom-up
and adds the following features when compared withDCG: (i) An inherent
treatment of ambiguity without backtracking. (ii) Robust parsing; do not
give up in case of errors but return the recognized phrases. (iii) A flexibility
to produce and consume arbitrary hypotheses making it straightforward to
deal with abduction, integrity constraints, operatorsà la assumption gram-
mars, and to incorporate other constraint solvers. (iv) Context-sensitive
rules that apply for disambiguation, coordination in natural language and
tagger-like rules.

1 Introduction

Definite Clause Grammars (Colmerauer 1975, Pereira & Warren1980)
(DCG) have been appreciated for their declarative nature and execution envi-
ronment inherited from the logic programming language Prolog. Where Prolog
andDCG work top-down, the language of Constraint Handling Rules (Frühwirth
1998) (CHR) provides a logic programming framework for bottom-up compu-
tations that implies several advantages for language processing (Abdennadher
& Schütz 1998, Abdennadher & Christiansen 2000). In fact, any context-free
grammar orDCG can be rewritten in a straightforward way as a set of propaga-
tion rules ofCHR that serves as an error robustparser with an inherent treatment
of ambiguitywithout backtracking, and no artificial nonterminals are necessary
as often in aDCG. Restrictions are that empty productions and loops among
nonterminals cannot be handled.

A new and powerful grammar formalism, calledCHRG for CHR Grammars,
is proposed with a form of context-sensitive rules that can take into account
arbitrary grammar symbols to the left and right of a sequencesupposed to match
a given nonterminal. This allows tagger-like grammar rules, it can be used for
disambiguating simple and ambiguous context-free grammarrules, and provides
also a way to handle coordination in natural language as shown by an example:
The following rules are excerpt of aCHR grammar for sentences such as “Peter
likes and Mary detests spinach”.
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sub(A), verb(V), obj(B) ::> sent(s(A,V,B)).
subj(A), verb(V) /- [and], sent(s(_,_,B))

::> sent(s(A,V,B)).

The first rule is to be understood in the usual way that a complete sub -verb -
obj sequence can be reduced to asent node. The second rule is an example of
a context-sensitive rule: It applies to asubj -verb sequence only when followed
by terminal symbol “and ” and anothersent node, and in this case the incom-
plete sentence takes its object, matched by variableB, from this followingsent
node. The marker “/- ” separates thesubj -verb sequence from the required
right context; a similar marker may indicates left context.In contrast to most
other notations,CHRG mentions the constituents before the whole to emphasize
the bottom-up nature.

TheCHRG notation includes the full expressive power ofCHR, including the
ability to integrate with arbitrary constraint solvers anda highly flexible way to
handle sets of extra-grammatical hypotheses. For example,abduction for con-
text comprehension can be characterized inCHRG in a surprisingly simple way
that requires no meta-level overhead as do other approachesto abduction in lan-
guage processing. Elements of linear logic as in AssumptionGrammars (Dahl
et al. 1997) are included in a similar way; for reasons of space, these and other
facilities are not presented here but we refer to the web sitefor CHRG (Chris-
tiansen 2002b) with comprehensive set of examples and to thelarger journal
paper (Christiansen 2005).

2 Background and related work

The notion of constraints, with slightly different meanings, is often associated
with language processing. “Constraint grammars” and “unification grammars”
are often used for feature-structure grammars, and constraint programming tech-
niques have been applied for the complex constraints that arise in natural lan-
guage processing; see, e.g., (Allen 1995, Duchier 2000) forintroduction and
overview. See also (Blache 2000, Duchier & Thater 1999, Maruyama 1990,
Schröder et al. 2000) for similar approaches.

CHR has been applied for diagram parsing by Meyer (2000) but not elabo-
rated into a grammar formalism; Morawietz (2000) has implemented deductive
parsing (Shieber et al. 1995) inCHR and shown that a specialization of a general
bottom-up parser leads to rules similar to those produced byour translator; none
of these consider context in the sense we do. Abduction inCHR has been applied
by (Christiansen & Dahl 2002) for diagnosis and correction of grammatical er-
rors. An attempt to characterize the grammar of ancient Egyptian hieroglyph
inscriptions by means of context-sensitive rules inCHRG is given by (Hecksher
et al. 2002). CHR is available as extension of, among others, SICStus Prolog
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(Swedish Institute of Computer Science 2002) which is the version applied in
the present work.

3 Syntax, semantics and implementation ofCHRG

A CHR Grammar, or CHRG for short consists of finite sets ofgrammarandcon-
straints symbolsand a finite set ofgrammar rules. An attributed grammar sym-
bol, for short called agrammar symbol, is formed as a logical atom whose pred-
icate symbol is a grammar symbol; a grammar symbol formed bytoken /1 is
called aterminal, any other grammar symbol anonterminal. Sequences of ter-
minal symbolstoken( a1) , : : :, token( an) may also be written[ a1, : : :, an] ;
if ground, such a sequence is called astring.

A propagation (grammar) ruleis of the form� -\ � /- 
 ::> G | Æ. The
part of the rule preceding the arrow::> is called thehead, G theguard, andÆ
the body;�; �; 
; Æ are sequences of grammar symbols and constraints so that� contains at least one grammar symbol, andÆ contains exactly one grammar
symbol which is a nonterminal (and perhaps constraints);� (
) is called left
(right) contextand� the core of the head;G is a guard as inCHR that may
test properties for the variables in the head of the rule. If left or right context
is empty, the corresponding marker is left out and ifG is empty (interpreted as
true ), the vertical bar is left out. The convention fromDCG is adopted that
non-grammatical constraints in head and body of a rule are enclosed in curly
brackets.

The implemented system combinesCHRG with rules of CHR and Prolog
which is convenient for defining behaviour of non-grammatical constraints.CHRG

includes also notation for gaps and parallel match not described here.
In Chomskian grammars, derivations are defined over stringsof symbols and

this suffices also for a large class ofCHRGs. Several aspects ofCHRG make
this too restrictive: Context-sensitive rules ofCHRG extend those of Chomsky
by the possibility to refer to any grammar symbol which has been created at
some stage during derivation (not only the “current” stage); extra-grammatical
hypotheses created during a derivation serve as a common resource for all subse-
quent derivation steps;CHRG includes other sorts of rules (below) inherited from
CHR which need to be specified in a bottom-up fashion.

The most obvious way to define derivations inCHRG seems to be to represent
sequencing by means of word boundaries (e.g., integer numbers) and each stage
in the derivation as a constraint store. For each grammar symbol N of arity n,
we assume a corresponding constraint also denoted byN of arity n+2 called an
indexed grammar symbolwith the two extra arguments referred to as phrase (or
word)boundaries.

For a grammar symbolS = N ( �a) , the notationSn0;n1 refers to the in-
dexed grammar symbolN ( n0, n1, �a) with integersn0 < n1; in case of a ter-
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minal, n0 + 1 = n1 is assumed. For any sequence� of grammar symbolsS1; : : : ; Sk and increasing integersn0; n1; : : : ; nk, we let�n0;nk refer to the setfSn0;n11 ; : : : ; Snk�1;nkk g with the existence ofn1; : : : ; nk�1 understood. This ex-
tends so that for a sequence of grammar symbols and extra-grammatical con-
straints, we remove all constraints from the sequence, put indexes on the remain-
ing grammar symbols, and add again the constraints in their original position.

A constraint storeis a set of constraints and indexed grammar symbols and
the initial store for a terminal string� is the store�0;k wherek is the length of�. An instance(andground instance) of a grammar rule is defined in the usual
way. A derivation stepfrom one constraint storeS1 to anotherS2 by an instance
of a propagation grammar rule� -\ � /- 
 ::> G| Æ is defined whenever� ` 9�xG where�x are the variables inG not in�; �; 
,� �i;j [ �j;k [ 
k;` � S1, andS2 = S1 [ Æj;k.
Useful for optimization purposes,CHRG includes two other sorts of rules that
reflect the underlyingCHR system. Asimplification (grammar) ruleis similar
to a propagation rule except that the arrow is replaced by<:> ; a simpagation
(grammar) ruleis similar to a simplification except that one or more grammar
symbols or constraints in the core of the head are prefixed by an exclamation
mark “! ”. Derivation with these rules is defined as above, except that the new
state is givenS2 = S1 [ Æj;k n �j;k [ � 0j;k where� 0j;k are those elements of�j;k
prefixed by exclamation marks.

A parsing derivationfor terminal string� (and given grammar) is defined
as a sequence of steps starting with state�0;n. A final constraint store is one in
which no further step can apply; for any grammar symbolN with N0;n in the
final store, we say thatN is acceptedfrom �.

CHRG is implemented by a straight-forward compiler that translates a gram-
mar into aCHR program which, when executed, realizes the semantics defined
above in the shape of a running parser and analyzer. As shown in (Christiansen
2005), execution speed depends highly on the grammar: Selected grammars run
in linear time and arbitrary context-free grammar without attributes runs in cubic
time similarly to classical algorithms such as Early and Cocke-Younger-Kasami.

4 Examples

The following shows the full syntax used in the implemented system. The
“handler ” command is a reminiscent of theCHR system; grammar symbols are
declared by thegrammar symbols construct as shown. The final command has
no effect in the present example, but it adds extra rules needed for the extensions
described below.

handler my_grammar.
grammar_symbols np/0, verb/0, sentence/0.
np, verb, np ::> sentence.
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[peter] ::> np.
[mary] ::> np.
[likes] ::> verb.
end_of_CHRG_source.

For the string “Peter likes Mary”, the np , verb , andnp are recognized, and
then thesentence rule applies. This grammar consists of propagation rules, so
the token s, nps, andverb are not consumed. If a rule were added, saynp,
[likes] ::> sentence1 , a sentence as well as asentence1 would be
recognized. If all rules were changed into simplification rules (changing::> to
<:> ), only one would be recognized. For an ambiguous grammar of propagation
rules, a sentence node is generated for each different reading.

Context-sensitive rules were shown in the introduction forcoordination han-
dling. In the following, left and right contexts are appliedin a tagger-like fashion
to classify eachnoun as asubj or anobj according to its position relative to
the verb.

noun(A) /- verb(_) ::> subj(A).
verb(_) -\ noun(A) ::> obj(A).
noun(A), [and], subj(B) ::> subj(A+B).
obj(A), [and], noun(B) ::> obj(A+B).

Context parts perhaps combined with simplification rules can be used for disam-
biguation of straightforward and otherwise ambiguous grammars. The follow-
ing shows a grammar for arithmetic expressions with traditional operator prece-
dence; the semicolon denotes alternatives in syntactic context and thewhere no-
tation stands for syntactic replacement (enhances readability only); notice how
standard Prolog tests are applied in guards of the two last rules.

e(E1),[+],e(E2) /- Rc <:> e(plus(E1,E2))
where Rc = ([’+’];[’)’];[eof]).

e(E1),[*],e(E2) /- Rc <:> e(times(E1,E2))
where Rc = ([*];[+];[’)’];[eof]).

e(E1),[ˆ],e(E2) /- [X] <:> X \= ˆ | e(exp(E1,E2)).
[’(’], e(E), [’)’] <:> e(E).
[N] <:> integer(N) | e(N).

This grammar uses standard ‘follow’ items but hopefully, itillustrates the flexi-
bility that CHRG provides for a competent grammar writer to engineer compact,
yet precise and widely covering languages specifications without too many arti-
ficial grammar symbols.

5 Abduction in CHRG

Abduction for language interpretation, which traditionally has required a heavy
computational overhead, can be implemented inCHRG in a strikingly simple
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way; the principle was first introduced by Christiansen (2002a) and is described
in detail in (Christiansen 2005) which also gives background references.

We sketch the principle briefly as follows. Consider the following logical
grammar rule in whichF refers to a fact about the semantical context for a given
discourse; it can be read as aCHRG rule or an equivalentDCG rule.

a, b, fFg ::> ab (1)

If two subphrases referred to bya andb have been recognized and the context
conditionF holds, it is concluded that anab phrase is feasible, grammatically
as well as with respect to the context. Analysis with such rules works well when
context is known in advance for checking that a given discourse is syntactically
and semantically sound with respect to that context.

In case the context is unknown, we have a more difficult abductive problem
of finding proper context theory so that an analysis of an observed discourse is
possible. Rules of the form (1) are not of much use unless an interpreter that
includes abduction is involved.

Our solution is to move the reference to the contextual predicates into the
other side of the implication, thus replacing the rule abovewith the following:

a, b ::> fFg, ab (2)

Intuitively it reads: If suitablea andb phrases are found, it is feasible to assertF and, thus, under this assumption concludeab .
Obviously, the two formulations (1) and (2) are not logically equivalent but

it is straightforward to formulate and prove correctness. For an unambiguous
grammar, the transformed version indicated by (2) can be executed as aCHRG

with the correct abductive explanation of a discourse beingread out of the final
constraint store. The fullCHRG system includes additional methods for ambigu-
ous grammars to avoid different hypothesis sets for different abductive interpre-
tations to be mixed up.

A specification based on abduction needsintegrity constraintsto suppress
senseless explanations. TheCHRG system allows to express integrity constraints
directly asCHR rules is shown in the following example. An IC is a condition or
rule that expresses a restriction

Consider the discourse “Garfield eats Mickey. Tom eats Jerry. Jerry is mouse.
Tom is cat. Mickey is mouse.” We intend to learn from it a categorization of the
individuals and which categories that are food items for others. An interesting
question is to which category Garfield belongs as this is not mentioned explicitly.
The abducible predicates for this grammar arefood for /2 andcateg of /2, and
the following twoCHR rules serve as integrity constraints.

categ_of(N,C1), categ_of(N,C2) ==> C1=C2.
food_for(C1,C), food_for(C2,C) ==> C1=C2.
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I.e., the category for a name is unique, and for the sake of this example it is
assumed that a given category is the food item for at most one other category.
The following part of the grammar classifies the different tokens.

[tom] ::> name(tom). ...
[is] ::> verb(is). ...
verb(is) -\ [X] <:> category(X).

The last rule applies a syntactic left context part in order to classify any symbol
to the right of an occurrence of “is ” as acategory .

A sentence “Tom is cat” is only faithful to a context ifcateg of(tom,cat)
holds in it. Thus, if sentence “Tom is cat” is taken as true, it is feasible to assume
categ of(tom,cat) ; in general:

name(N), verb(is), category(C)
::> {categ_of(N,C)}, sentence(is(N,C)).

A sentence “Tom eats Jerry” is only faithful to a context in which proper
categ of andfood for facts hold:

name(N1), verb(eats), name(N2) ::>
{categ_of(N1,C1), categ_of(N2,C2), food_for(C1,C2)},
sentence(eats(N1,N2)).

Let us trace the analysis of the sample discourse; only the context facts are
recorded. First sentence “Garfield eats Mickey” gives rise to

categ_of(garfield,X1), categ_of(mickey,X2),
food_for(X1,X2).

The “X”s are uninstantiated variables. The next “Tom eats Jerry” gives

categ_of(tom,X3), categ_of(jerry,X4), food_for(X3,X4) .

“Jerry is mouse” givescateg of(jerry,mouse) , and the first IC immediately
unifiesX4 with mouse. In a similar way “Tom is cat” gives rise to a unification
of X3 with cat andfood for(X3,X4) has become

food_for(cat,mouse).

Finally “Mickey is mouse” producescateg of(mickey,mouse) that triggers
the first integrity constraint unifyingX2 with mouse and thus the second IC
setsX1=cat and there is no other possibility. So as part of the solution to this
language interpretation problem, we have found that Garfield is a cat.

6 Conclusion

CHR Grammars founded of current constraint logic technology have been intro-
duced, and their application to aspects of natural languagesyntax illustrated by
small examples.CHRG is a technologically updated ancestor of Definite Clause
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Grammars: A relative transparent layer of syntactic sugar over a declarative pro-
gramming language, providing both conceivable semantics and fairly efficient
implementation. InCHRG we have just replaced Prolog by Constraint Handling
Rules. The result of this shift is a very powerful formalism in which several
linguistic aspects usually considered to be complicated ordifficult are included
more or less for free:� Ambiguity and grammatical errors are handled in a straightforward way,

all different (partial) parses are evaluated in parallel.� Context-sensitive rules, which are inherent part of the paradigm, handle
aspects of coordination in an immediate way.� Abduction, which is useful for identifying indirectly implied information,
is expressed directly with no additional computational devices needed.

Context-sensitive rules combined with the ability to handle left-recursion (as
opposed toDCG) are a great help for producing grammars with relatively few,
concise rules without artificial nonterminals; a drawback is the lack of empty
production.

There is a large unexplored potentiality inCHRG and language processing by
means ofCHR. We can mention the possibility of integrating arbitrary constraint
solvers, and adding weights to prioritize between different parses (and abduc-
tive explanations!) seems quite straightforward. For example, Bistarelli et al.
(2002) have shown how to handle soft constraints inCHR and this opens up for
integrating recent results in statistically based parsing.

In another paper (Christiansen & Dahl 2002) we have extendedwith facil-
ities for error detection and correction. Robustness combined with flexibility
(e.g., error correction) makes application in speech systems interesting: If, e.g.,
the phonetic component cannot distinguish a token from being hats or cats ,
we simply add both to the input state with identical boundaries. Parsing
from a stateftoken(0,1,hats) , token(0,1,cats) , token(1,2,eat) ,
token(2,3,mice) g will explore the different options in parallel, with only
those satisfying syntactic and semantic requirements of the actual grammar lead-
ing to a full parse tree. No real-world applications have been developed inCHRG

yet, but we have good expectation for scalability as selected grammars can run
in linear time. Furthermore, the full flexibility of the underlying CHR and Prolog
machinery is available for optimizations. Independently,CHRG is available as
powerful modeling and prototyping tool.

In a way, the idea is naı̈ve, almost too naı̈ve, just applyinggrammar rules
bottom-up over and over until the process stops. However, wecan rely now on
the underlying, well-established computational paradigmof CHR for such rules-
based computations.

It is our hope that the availability of theCHRG system can stimulate research
in constraint-based language analysis, ideally leading toa full integration of lex-
ical, grammatical, semantical, and pragmatic processing.
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Abstract
Applying knownIE techniques to independent parallel texts describing the
same information and merging the results brings significantimprovements
in performance. Recall summed over six botanical descriptions of several
plant species is triple the average for each text individually. We analyse
these results, and describe the processing techniques used. This leads us to
the concept of “greedy extraction”, where the information template is not
frozen before processing, but can incorporate new information found in the
text(s).

1 Overview – parallel texts and greedy extraction

Our experiments show that applying knownIE techniques to independent parallel
texts describing the same information, and merging the results, brings significant
improvements in performance. Recall summed over six botanical descriptions
of several plant species is more than triple the average for each text individually.
This arises from two independent factors:

(1) The source texts contain different subsets of the total desired information
space;

(2) Failures in extraction from any one text are significantly often corrected
by accurate results from other texts. 50% of all false negatives are com-
pensated by results from other sources; in 24% of template slots, a false
negative in processing one text is compensated by accurate processing of
one or more others.

The use of redundancy, in the form of analysing multiple parallel sources, has
been explored in computational lexicography (Veronis & Ide1991) and in In-
formation Retrieval (Ingwersen 1996), with promising results. Veronis & Ide
derived concept hierarchies (“ontologies”) from five machine readable dictionar-
ies using keywords in definition texts. Since these definitions are informal and
at times inaccurate, the individual ontologies were only 30-45% complete and
correct compared to human judgement. However, correlatingand merging them
yielded a 94% success rate. Missing classifications were filled in (recall), and
mis-classifications were corrected (precision), by correlation with accurate anal-
yses of other sources. Exploiting redundancy across multiple sources will have
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Figure 1:IE from parallel texts

different effects in detail in different domains: in the present case, it is primarily
recall which is dramatically improved.

Traditionally, IE is restricted to finding answers to a predetermined set of
questions encoded as the slots in a template. Any information in the source text
which is not mapped to a slot in the template will not be extracted. This is
appropriate for many purposes, but ours is different: we do not want to limit in
advance what information can be extracted from our source texts, but fully to
exploit the information resources they offer. We call this “greedy” extraction.
This has significant implications for the techniques to be used. We cannot rely
on designated keywords, for example, to help fill a template.Shallow parsing
techniques are used to identify heads and their associated modifiers. The initial
template is hand-built by a domain expert, informed by the texts. New heads can
be added to the template as they are found, through an interactive process which
supports - but does not replace - the domain expert.

Systematics(the science of identifying, describing, naming and classifying,
and tracing the origins of living things), like all mature descriptive sciences, is
rich in written data, and particularly in semi-formal natural language records of
careful observations repeated across time and space. The need to make these im-
portant primary resources for biodiversity research available in structured elec-
tronic form is urgent, as recognised by G7 and the Biodiversity Convention,
among others.

Botanical description offers multiple parallel independent descriptions of the
same information (descriptions of plant groups); a well understood technical do-
main suited toIE; and a genuine real-world need for language engineering sup-
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port. Botanical texts (Floras) are variable in informationcontent — different au-
thors’ descriptions of the same plant group describe somewhat different features.
Thus a matrixof data points against sources is sparsely populated (cf. Table 1).
Floras also differ in vocabulary and phraseology.

2 Parallel texts – corpus and data

Our training set comprises the descriptions of five species of Ranunculus (butter-
cup) given in six Floras, chosen to be both representative ofthe many available,
and independent of each other. Together with the higher-order taxon (genus and
family) descriptions, this gave us 42 texts of average length 116 words (range 32-
208). Although short byIE standards, this is typical of the text-type. The texts
were scanned and theOCR output hand-corrected: on the scale of our experi-
ments, the time involved was acceptable. In our target domains for expansion,
the sources are already in electronic form, so we do not see this as an obstacle to
scaling up. The test set comprises descriptions of five species of the Lamiaceae
(mints and related herbs). The text-type is syntactically similar to the training set,
while the plant morphology and associated vocabulary are sufficiently different
to test the scalability of our approach.

Most botanical descriptions are not true “natural” language, but highly stylised
lists of noun phrases, usually lacking verbs and articles altogether. This leads to
an information-dense text type (a result of the space limitations historically im-
posed on authors of Floras). Here is a short, but otherwise typical example:

1. R. acris L. - Meadow Buttercup. Erect perennial to 1m; basal
leaves deeply palmately lobed, pubescent; flowers 15-25mm across;
sepals not reflexed; achenes 2-3.5mm, glabrous, smooth, with short
hooked beak; 2n=14. (Stace 1997)

Although problematic for a general-purpose parser, this text-type is highly
amenable to analysis with specifically tuned resources. These are small datasets,
by normal IE standards, but adequate to provide proof of concept. Work isin
progress on scaling up.

Based on hand analysis of the texts, we built a three-dimensional data matrix
for each species, where columns represent Floras, rows represent characters, and
the third dimension is the taxonomic hierarchy, allowing inheritance of informa-
tion from higher taxa into species descriptions where appropriate. Table 1 shows
a small section of one of these matrices.

The matrix is sparsely populated: it is common for only one ofthe six Floras
to give any value for a character. Thus, for example, the six descriptions of R.
acris have, on average, 44 slots each in their individual templates (range 17-68).
The combined template for R acris from all sources has 134 slots. Frequently one
Flora gives a single value or narrow range for a character while another gives a
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CTM FF FNA GLEASON GRAY STACE
stem stem Stems Stems Stems
size 10-30cm
orientation creeping (on creeping closely creeping

mud or the upper
part floating

branching branched
form succulent
surface glabrous

Table 1:Part of a typical data matrix

wider range (“3”/ “3(-5)”/ “3-5(-7)” ): here some simple reasoning is needed to
confirm that the various values are compatible. Variations in terminology are also
common (“3-lobed”/ “3-parted”/ “tripartite”; “stem leaves”/ “cauline leaves”),
and can be accommodated with an adequate glossary or lexicon. Certain alter-
nants in phraseology also recur (e.g., “lobed”/ “with lobes”), and can easily be
handled in the grammar. Genuine disagreements are very rare. (See Lydon et al
(2003) for further detail.)

The nature of the source texts thus limits the potential recall per text against
the total sum of available information, and forms in itself an strong argument for
the analysis of parallel texts. However also, as we will see,where texts do contain
the same information, failures in extraction from one text are significantly often
compensated by successes from others.

3 Shallow parsing

Our system builds on the Natural Language Processing capabilities provided by
GATE, a General Architecture for Text Engineering, developed bythe NLP group
at the University of Sheffield (Cunningham et al 2002); it is based onANNIE, an
information extraction system integrated intoGATE. The system comprises a
version ofANNIE’s main processing resources: tokeniser, sentence splitter, POS

tagger, gazetteer and finite state transduction grammar. The resources commu-
nicate viaGATE’s annotationAPI, which is a directed graph of arcs bearing ar-
bitrary feature/value data, and nodes rooting this data into document content (in
this case text).

IE technology is used to recognise and characterise information about plants
and their features. This enables the recognition of information such as text head-
ers, details of plants, recognition of their components andsubcomponents (such
as leaves, stems, root and descriptions of their characteristics (such as the size
of the plant, leaf shape, petal colour, etc.). This is achieved using the resources
described above to annotate textual patterns (using text strings, punctuation, syn-
tactic information etc. as evidence). Relations can then beidentified between



USING PARALLEL TEXTS TO IMPROVE RECALL IN BOTANY 241

identified patterns so that features can be correctly linkedto the relevant compo-
nent.

TheJAPE (Java Annotation Pattern Engine) grammars identify patterns such
as Modifier + Head, e.g., “short caudex”, where the Modifier consists of an ad-
jectival group, and the Head (a plant component) is taken from a gazetteer list.
Heads are annotated asHead, while modifiers are annotated asPlantFeature.
Text headers are also annotated asHeader, e.g., “1. R. acris L. - Meadow Butter-
cup.” in the text above. Each annotation may be given optional attributes, which
are used either to further classify the heads and features (and to place them cor-
rectly in the database at export time), or simply for debugging purposes (e.g., to
show which rule has been fired). In the example above, “short”is annotated as
a PlantFeatureand given the attributeAdjHead(because it precedes the Head),
while “caudex” is annotated simply asHead.

The last processing resource used is a results extractor which parses the pre-
viously generated annotations and associates the sets of features with their re-
spective heads, using the information previously described (such asHeadAdj
andAdjHead) to determine the correct association. It also extracts thesection
header information from the input texts. Once all the information is collected,
it is exported in a text file in tab-separated-values format that can be used with
other tools (e.g.,MS Excel) for results analysis.

The system output for Stace’s description of R. acris (givenabove) is shown
in Table 2. The only significant mistake is that the achene-beak has been over-
looked. Compared to the gold standard template for this one text, recall is 82%,
precision is 93%.

Header: 1. R. acris L. - Meadow Buttercup
HEAD KIND FEATURE TYPE KIND NEGATION

Erect perennial
to 1m measure unknown
2n=14 count chromosome

basal leaves position Prefix pubescent
deeply palmately lobed

flowers 15-25mm across measure width
sepals reflexed true
achenes short hooked

smooth
glabrous
2-3.5mm measure unknown

Table 2:System results for R. acris in Stace 1997

4 Evaluation of information merging

Evaluation of our results must allow for the fact that each text in a set (of descrip-
tions of the same species) contains only a subset of the totalsum of information
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in all texts, which is our target and gold-standard. We must therefore evaluate the
performance on each text twice: against a text-specific template containing slots
for exactly the information which is actually in that text, and against the total.

The figures for R. acris are typical. The text-specific template size averages
44 slots, compared with 134 in the combined template: a rangefrom 27% to
62% of the total, averaging 39%. The percentage figures from the text-specific
evaluation, multiplied by the appropriate percentages of the whole template, give
us the figures for each text against the total.

The recall figures for the six descriptions of R. acris in the intial dataset,
each compared with its own text-specific template, range from 51% to 85%, av-
erage 70%. For each against the combined template, the figures are 10% - 34%,
average 22%. The example above is our shortest text, and the most accurately
analysed; however, its individual template contains only 13% of the slots in the
complete template for the species, so recall by that standard is only 10%.

Table 3 shows the system’s performance for the first three sets of texts to
be analsysed in detail. The most significant figures are highlighted: the average
recall from a single text, compared to the full template, is 22%, while the recall of
the six combined is 71%. 50% of all instances of false negatives are compensated
for by one or more other sources. Compensation for false negatives occurred in
24% Â?of the total number of slots in the full template (including the missing
achene-beak in the example above).
Precision currently averages 78% against single templates(again better for shorter
texts), 63% against the whole template. We are able to use a conservative account
of precision, as recall from parallel sources compensates for a high proportion of
false negatives, so we are satisfied with a relatively low figure here. The perfor-
mance numbers for the individual texts against the combinedtemplate are low
by currentIE standards, precisely because the template is so large. Also, even the
hand-built gold-standard data matrix is sparsely populated: some of the perfor-
mance gain from merging results across texts is inherent in the texts themselves.
However, our results show that correlating extraction results across texts also,
with significant frequency, compensates for processing errors.

5 Greedy extraction

As discussed earlier, our concept of greedy extraction differs from traditional
information extraction in that we do not determine in advance a closed set of slots
in the template which we wish to fill. Rather, we aim to be able to grow or adapt
the template when new text sources bring in new types of information. This may
happen on a small scale when a new text is analysed describinga known species.
It will be a significant issue when a new species is consideredfor the first time,
possibly with parts or features not found in previous analyses. For example, in
extending our system coverage from the training set (Ranunculus) to the test set
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R. acris R. bulbosus R. hederaceus Mean
True positives across all descriptions 176 146 127 150
False negatives across all descriptions (A) 90 125 44 86
False positives across all descriptions 55 61 30 49
Average single description recall 70 55 74 66
Average single description precision 78 60 83 74
Avg single description recall for whole template 22 18 26 22
Avg single description precision for whole template 78 60 83 74
true positives from merged results 92 85 68 82
false negatives from merged results 42 54 15 37
Total number of slots in whole template (B) 134 139 83 119
Merged recall for whole template 69 61 82 71
Merged precision for whole template
using total false positives 63 58 69 63
sum of all instances of false negatives
compensated for by other sources (C) 45 57 24 42
Of all instances of missed information,percentage
compensated for by merging(C/A*100) 50 46 55 50
number of slots where false negatives
compensated for by other sources (D) 34 41 15 30
Of total number of slots in template,
percentage where merging allowed compensation
for missed information (D/B*100) 25 29 18 24

Table 3:Accuracy of processing for six descriptions of three species

(Lamiaceae), the main “plant parts” and characters described were the same for
the two groups. Proceedings of the The sub-parts, however, did vary, mainly
in the flowers: floral structure differs significantly in the mints from the simple
buttercup, so new terms and features were introduced. (There are around 110
slots for inflorescence in Ranunculaceae, around 190 in Lamiaceae).

Our method for greedy extraction builds on work at Sheffield on the HaSIE
system (Maynard et al 2002), which detected information about health and safety
issues from company reports. Here the set of slots was initially unknown, and
generated partly by manual analysis of the texts, and partlyby system-generated
output. It was fixed after system training, and could not be modified automati-
cally.

Our approach takes this a logical step further: the set of slots can be modified
by the user in an interactive process which is interleaved with parsing. Unfa-
miliar elements detected by the shallow parser are presented to the user. New
concepts can be added to the gazeteer lists — thus fused petals, unknown in Ra-
nunculus, are typical of the Lamiaceae. New vocabulary - synonyms for known
concepts, as when one author calls petals “honey-leaves” — can be added to the
lexicon. (We expect this to be relatively rare, as the systemalready includes a
comprehensive botanical glossary derived from Lawrence (1951).) This enables
us to pick up new types of information found in new text sources, which would
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be ignored by traditional methods, while maintaining the formal integrity and
boundedness of the knowledge representation.

Looking at the range of significant information found even inclosely related,
largely consensual technical text in a small domain, it becomes clear that we
stand to gain significantly if we can adopt an open-ended, “greedy” approach to
Information Extraction. The very success of this approach leads to a problem of
scale. Our first template for five species of Ranunculus described by six authors
was eventually simplified to 271 slots: e.g.,

<FRUIT_BEAK>:=
FRUIT_BEAK_PRESENCE: "PRESENCE"
FRUIT_BEAK_LENGTH: "DISTANCE"
FRUIT_BEAK_SHAPE: "SHAPE"
FRUIT_BEAK_SURFACE: "TEXTURE"
FRUIT_BEAK_POSITION: "POSITION
FRUIT_BEAK_ORIENTATION: "ORIENTATION"
FRUIT_BEAK_DEFINITION: "DEFINITION"
FRUIT_BEAK_TIP: <FRUIT_BEAK_TIP>

where<FRUIT BEAK>is part of an entity<FRUIT> which is part of the whole
plant, and<FRUIT BEAKTIP> is an entity which is part of<FRUIT BEAK>and
can have shape, orientation etc in its own right.

Our eventual aim is an architecture in which a single, independent domain-
specific information lattice, built in a Description Logic (Horrocks 2002), is ac-
cessed by all relevant processing modules and also serves asthe “template” for
placing extracted information. This one component can thenbe replaced for new
domains.

6 Prospects

If Systematics appears “narrow”, other important technical domains also have
data unhelpfully distributed over multiple text sources. In Bioinformatics, for
example, new research results are appearing rapidly in journals and in the com-
ment fields of various large databases (e.g., in 2000, 130 publications per month
on E. coli metabolism). Keeping up with these developments currently requires
massive human effort. SWISS-PROTis probably the largest, most accurate, and
most important of the databases in this field:

SWISS-PROT... depends on a vast human network to generate its
annotation by systematically running analysis software, reading the
literature, contacting experts in the field, and so on. Clearly, there
is a demand for information that helps the consumer turn datainto
understanding ... the challenge is to make this kind of humaneffort
sustainable. (Miller & Attwood 2003)
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This domain shares with botany all the characteristics which support our multiple-
source, greedy techniques. Our interactive approach to template expansion is
also ideally suited to “mak[ing] this kind of human effort sustainable”: support-
ing, not replacing, the domain expert is central to our long-term objectives. The
volumes of text to be processed in this domain are larger thanin botany, but they
already electronic, so our only real bottleneck, hand correction of OCR output,
is not an issue. Beyond the natural sciences, it may prove fruitful to apply our
technique to parallel multilingual texts, either naturally occurring, or obtained by
machine translation.1

Traditional work inIE has drawn on intuition about a small core of important
common information in domain-specific texts to build a predetermined template.
HaSIE brought a first degree of automation to the task of template building from
texts. Parallel texts offer a significant increase in the total amount of information
available to be extracted in a domain. Greedy extraction makes the most of this.
The improvement we have shown in actual extraction from 22% to 71% proves
the value of analysing parallel text descriptions to extract the greatest possible
amount of useful information.
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Marking Atomic Events in Sets of Related Texts

ELENA FILATOVA & VASILEIOS HATZIVASSILOGLOU
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Abstract
The notion of aneventhas been widely used in the computational linguis-
tics literature as well as in information retrieval and various NLP applica-
tions, although with significant variance in what exactly anevent is. We
describe an empirical study aimed at developing an operational definition
of an event at theatomic(sentence or predicate) level, and use our obser-
vations to create a system for detecting and prioritizing the atomic events
described in a collection of documents. We report results from testing our
system on several sets of related texts, including human assessments of the
system’s output and a comparison with information extraction techniques.

1 Introduction

Events have received a lot of attention in the theoretical linguistics literature
(e.g., Chung & Timberlake 1985, Bach 1986, Pustejovsky 2000). At the same
time, several natural language applications deal with information about events
extracted from a text or collection of texts, for example, information retrieval
systems participating in the Topic Detection and Tracking initiative (Yang et al.
1999; Allan 2002), and information extraction systems participating in the Mes-
sage Understanding Conferences (Marsh & Perzanowski 1997). But however
intuitive the notion of ‘event’ might seem, exact definitions of what an event is
are usually not supplied, and the implicit definitions seem to conflict. Not only
is the exact meaning of an event in dispute, but also the extent of an event’s
realization in text.

Linguists have been looking at semantic constraints in sentences to distin-
guish between events, extended events, and states; see for example (Chung &
Timberlake 1985, Bach 1986, Pustejovsky 2000). Often in such research the
event analysis is based on properties of the verb, and verbs are classified accord-
ing to their relationships with event classes (Levin 1993).

From a computational perspective, there have been attemptsto classify verbs
into those denoting events and those denoting processes (Siegel & McKeown
2000) and to investigate what text structure can be considered to be a minimal
unit for event description (McCoy & Strube 1999, Filatova & Hovy 2001). The
work most commonly referred to as event detection is that originating from the
Topic Detection and Tracking (TDT) research effort sponsored byDARPA. An
important contribution of that research program is the recognition of the distinc-
tion between an event and a topic.
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Systems participating in the Scenario Template task of the Message Understand-
ing Conference (Marsh & Perzanowski 1997) competitions useinformation ex-
tracted and inferred from a text to fill in the appropriate fields in predefined
templates corresponding to the domain of the text. However,the MUC systems
suffer from two drawbacks: First, the fixed templates preclude detecting multi-
ple events of different types, or of types not anticipated during system design.
Second, they are heavily dependent on the domain, which requires a lot of time
to create accurate templates defining possible events for that particular domain,
and even more effort in adapting the system to the sublanguage and knowledge
model of that domain.

In this paper, we draw on a synthesis of the above three competing ap-
proaches to events (linguistics, information retrieval, and information extraction)
to obtain a method for constructing a representation of theatomic eventsin mul-
tiple related documents. We aim at small text pieces and multiple low-level
events rather than the most generic events targeted byIR, but we incorporate in-
formation about the similarity of texts to find topic-specific relationships. We do
not rely on predefined templates and slots, asIE does, but we discover relation-
ships in a domain-independent fashion and label them with appropriate verbs and
nouns. Our approach is informed by linguistic theory, but remains operational
for arbitrary texts.

2 A study of event annotation

As it has been noted in the introduction there is huge diversity in both the struc-
ture and length of events. Thus, before going any further we describe a two-stage
evaluation experiment the major goal of which is to obtain a definition of events
that can be used in a system for the automatic detection and extraction of events
from a document.

We conducted our first study of text annotation for event information by ask-
ing a number of computer science graduate students (mostly in computational
linguistics) to mark text passages that describe importantevents in news stories.
The annotators were given 13 news articles randomly selected from the DUC-
2001 (Document Understanding Conference) corpus. The texts varied in length
from 15 to 60 sentences. Five of the thirteen texts were each annotated by two
participants in the study.

We deliberately provided no definition ofeventfor this study, to see if the
respondents would naturally converge to an operational definition (as evidenced
by high agreement on what they marked). Our study had two further aims: to
determine what text range in the absence of instructions on the length of what
they should mark, people tend to favor as the appropriate text parts describing
an event; and to gather evidence of features that frequentlyoccur in the marked
passages and could be automatically extracted by a system simulating the human
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annotators.
We noticed substantial disagreement between annotators onwhat text pas-

sages should be marked as events. Since our annotation instructions left unspec-
ified the length of event descriptions, a basic text unit thatcould be marked or
unmarked is not defined either and therefore it is hard to quantitatively measure
annotators’ agreement.

While the annotators disagreed on what text pieces to selectas event descrip-
tions, they exhibited more agreement on how long these pieces should be. Out
of 190 text regions marked as events, 46 (24%) consisted of one clause within a
longer sentence, 22 (11%) of one sentence minus one short prepositional phrase,
95 (50%) of exactly one sentence, and 27 (14%) of multiple sentences.1

We analyzed the passages marked as event descriptions looking for text fea-
tures that could be included in an automated event detectionsystem. Naturally,
the verb itself often provides important information (via tense, aspect, and lexical
properties) about the event status of a clause or sentence. In addition, the follow-
ing features are correlated with the presence of events:Proper nounsoccur
more often within event regions, possibly because they denote the participants
in events. In contrast,pronounsare less likely to occur in event regions than in
non-events. As expected, the presence oftime phrasesincreases the likelihood
of a text region being marked as an event.

We thus came up with a procedural definition of atomic events which we
used for detecting, extracting and labeling of atomic events in our system. The
details of this definition are presented in the next section.

3 Detecting and labeling events

Drawing from our event annotation study, we decided on an algorithm for de-
tecting, extracting, and labeling events that is based on the features that seemed
more strongly correlated with event regions. Event regionsare contained within
a sentence. Thus, we anchor events on their major constituent parts (Named En-
tities for people and organizations, locations, and time information)2 and expect
at least two such major elements in a sentence to consider extracting an event.
The procedure for extracting atomic events is the following:� We analyze a collection of documents clustered on a specific topic.� We take the sentence as the scope of an event. Our algorithm ignores

sentences that contain one named entity or none.1 Although words like war or earthquakecan denote events, single nouns were never marked
as events by our annotators.2 All these major elements can be retrieved with a named entitytagger; we use BBN’s Identi-
Finder (Bikel et al. 1999).



250 ELENA FILATOVA & VASILEIOS HATZIVASSILOGLOU� We extract all the possible pairs of named entities (preserving the order).
Such pairs of named entities are calledrelations.� For each relation we extract all the words that occur in-between the ele-
ments of the relation. These are extracted together with their part of speech
tags which we get with the help of Collins’ (1996) parser.� Out of all the words that occur in-between elements of relations we are
now interested only in those which are either non-auxiliaryverbs or nouns
which are hyponyms ofeventor activity in WordNet (Miller et al. 1999).
We call these wordsconnectors.� For each relation we calculate how many times it occurs, irrespective of
the connectors.� For each connector we calculate how many times this connector is used in
a particular relation.

Our hypothesis is that if named entities are often mentionedtogether, these
named entities are strongly related to each other within thetopic from which
the relation was extracted. Although our method can be applied to a single text
(which by itself assures some topical coherence), we have found it beneficial to
extract events from sets of related articles. Such sets can be created by clus-
tering texts according to topical similarity, or as the output of an information
retrieval search on a given topic. Following the above procedure we create a list
of relations together with their connectors for a set of documents.

Out of all the relations we leave only the topn events that have the highest
frequency out of all the relations and we also eliminate those relations that are not
supported by high frequency connectors (both of these parameters are adjustable
and are determined empirically).

We then examine the graph of connections induced by the surviving pairs.
For each two edges in that graph with a common endpoint (e.g.,(A, B) and (A,C)), we examine if their list of connectors is substantially similar. We consider
two such lists substantially similar if one contains at least 75% of the elements
in the other. When that condition applies, we merge the two candidate events
into one link betweenA and a new elementfB, Cg (i.e., we considerB andC
identical for the purpose of their relationship toA), and add the scores of the two
original events to obtain the score of the composite event.

4 System output

We ran our system on a subset of the topics provided by the Topic Detection
and Tracking Phase 2 research effort (Fiscus et al. 1999). The topics consist of
articles or transcripts from newswire, television, and radio. We used 70 of the
100 topics, those containing more than 5 but less than 500 texts. Since human
annotators created these topical clusters in a NIST-sponsored effort, we can be
assured of a certain level of coherence in each topic.
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Relation Frequency First Element Second Element
0.0212 China Airlines Taiwan
0.0191 China Airlines Taipei
0.0170 China Airlines Monday
0.0170 Taiwan Monday
0.0170 Bali Taipei
0.0148 Taipei Taiwan

Table 1:Top 6 named entity pairs for the ‘China Airlines crash’ topic

Relation Connector Connector Frequency
China Airlines – Taiwan crashed/VBD 0.0312

trying/VBG 0.0312
burst/VBP 0.0267
land/VB 0.0267

China Airlines – Taipei burst/VBP 0.0331
crashed/VBD 0.0331
crashed/VBN 0.0198

Taipei – Taiwan � �
Table 2:Top connectors for three of the relations in Table 1

TDT provides descriptions of each topic that annotators use to select appropriate
documents by issuing and modifyingIR queries. Here is the official explication
of one topic (“China Airlines crash”):

The flight was from Bali to Taipei. It crashed several yards short of the
runway and all 196 on board were believed dead. China Airlines had an
already sketchy safety record. This crash also killed many people who
lived in the residential neighborhood where the plane hit the ground. Sto-
ries on topic include any investigation into the accident, stories about the
victims/their families/the survivors. Also on topic are stories about the
ramifications for the airline.

Table 1 shows the top 6 pairs of named entities extracted fromthe topic at the first
stage of our algorithm (before considering connectors). The normalized relation
frequency is calculated by dividing the score of the currentrelation (how many
times we see the relation within a sentence in the topic) by the overall frequency
of all relations within this topic.

It is clear from the table that the top relations mention the airline com-
pany whose plane crashed (China Airlines), where the crash happened (Taiwan,
Taipei), where the plane was flying from (Bali), and when the crash happened
(Monday). Interestingly, we obtain a clique for the three elementsChina Air-
lines, Taiwan and Taipei. Let us analyze the connectors for the three pairs
among these three elements (Table 2). The normalized connector frequency is
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calculated by dividing the frequency of the current connector (how many times
we see this connector for the current relation) by the overall frequency of all
connectors for the current relation. According to this table the relationTaiwan –
Taipeidoes not have any connectors linking these two named entities. For us it
means that the named entities in the relationTaiwan – Taipeiare linked to each
other not through an event but through some other type of static relation (indeed,
Taipei is the capital of Taiwan).

Finally, we factor in topic specificityfor the extracted events. We calculate
the ratio of the relation frequency for a specific topic over the relation frequency
of that same pair for all the topics under analysis. This ratio is equal to1.0 for
the relationsChina Airlines – Monday, Bali – Taipeiand it is equal to0.0850for
CNN – New York. The specificity feature is helpful in deciding what relations are
important for a given topic and what are not.

We close this section with a comment on the anchor points usedby our algo-
rithm. Such anchor points (by default named entities) are necessary in order to
limit the amount of relations considered. We chose named entities on the basis
of our analysis of events marked by people (Section 2). However, the system
is adaptable and the user can specify additional words or phrases that should be
used as anchor points. In this example, if the wordpassengersis submitted to
the system, then the third most important event extracted will refer to the deaths
of the passengers. The problem of how to find the best candidate nouns to add
to the list of nouns which anchor events (by default this listconsists only of
named entities) is very similar to the problem of creating a right query within
Information Retrieval tasks.

5 Comparison with Information Extraction

We compare our system’s output to ideal output for one of the most well-known
information extraction competitions, the Message Understanding Conferences
(Marsh & Perzanowski 1997) organized by NIST between 1992 and 1998. In
MUC’s Scenario Template task events are extracted for several pre-specified do-
mains. For each domain a list of templates is created in advance and event ex-
traction is equated to filling these templates, a typical approach in information
extraction. Events are extracted from one text at a time and not a collection of
texts.3. Each text can contain one, several, or no events.

MUC systems produce output in the form of predefined well-structured tem-
plates. ClassicalIE systems have developed a repository of powerful tools in-
tended for extracting information within specific domains.Our system based on
the presented definition of atomic events is domain-independent; though it does3 There are IE systems which try to fill predefined templates from several texts but during the

MUC competition systems analyzed and extracted events for one text at a time.
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not assign slots to the constituent parts of the extracted events, our system goes
beyond the limits of predefined templates and extracts all possible relations it
can find. For example,MUC systems are not supposed to extract any events for
the followingMUC-7 text:

Paris (France), 5 April 90 (AFR) – Colombian leader VirgilioBarco briefed
French president François Mitterand here Wednesday on theefforts made
by Bogota to fight the country’s powerful cocaine traffickers. Mr. Barco
told reporters after the meeting at the Elysée Palace that the French leader,
who visited Bogota in October 1989, had said once again that he was “very
interested” in the drug problem.

This text is from the terrorism domain collection. And though really no terror-
ist attacks are described in this text it does not mean that there are no events
described. These events include the meeting between François Mitterand and
Virgilio Barco, Mitterand’s earlier visit to Bogota, and Barco’s speaking to re-
porters. Thus, following the described procedural definition, our system extracts
information about this meeting by pointing out that the named entities in the rela-
tionsFrançois Mitterand – Virgilio Barco, François Mitterand – Wednesdayand
Virgilio Barco – Wednesdayare all linked to each other through the connector
briefed/VB.

In fairness to theMUC systems we note that they perform additional tasks
such as the semantic classification of the information (deciding which slot to
select for a given piece of extracted text). Our approach does not assign labels
such asperpetratoror targetto named entities. It provides for a more superficial
“understanding” of the elements of the event and the roles they play in it, in
exchange for portability, generality and robustness.

6 System evaluation

6.1 Methodology

To evaluate our system we chose randomly 9 topics out of the 70TDT-2 topics
containing more than 5 and less than 500 texts. For each of these topics we
randomly chose 10 texts, ran our system on these 10 texts only, and produced a
ranked list of events with verb and noun labels, as describedabove. Each set of
ten texts, and the top ten events extracted by our system fromit, were given to
one evaluator. The evaluators were asked to first read the texts4 and then provide
a numerical score for the system in the following areas:� Whether the named entities in the events extracted by our system are really

related to each other in the texts. A separate score between 0and 1 was
given for each extracted event.4 Which was the reason we limited the number of texts per topic to 10.
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important. Again a 0 to 1 score was assigned to each extractedevent.� Whether the label(s) provided for a (valid) event adequately describe the
relationship between the named entities.

For these three questions, the evaluators gave a separate score for each extracted
event. They were free to use a scale of their own choosing between 0 (utter
failure) and 1 (complete success).

6.2 Results

Table 3 shows the scores obtained during the evaluation. We report the average
rating our system obtained on each of the three questions, across both the ten
extracted events in each set and the nine evaluators/topics. We also report the
percentage of extracted events that received a non-zero score and a score above
0.5.

Question Avg. rating % non-zero % above 0.5
Link quality 0.7506 92.22% 74.44%
Importance 0.6793 95.00% 62.87%
Label quality 0.6178 90.91% 51.09%

Table 3:Evaluation scores for our system

We note that the easiest task for the system is to find valid relationships between
named entities, where we obtain about 75% precision by either the average score
or the number of scores above 0.5. Next comes the task of selecting important
links, with precision of 63–68%.5 The hardest task is to provide meaningful
labels for the events; we succeed in this task slightly in more than half of the
valid extracted events, or approximately 40% of the total extracted events. Our
system is getting lower scores for topics where the event’s major constituent
parts are not represented by a named entity (i.e., an earthquake topic) or for very
disperse topics, (i.e., the topic about the Israeli-Palestinian peace negotiations.)
Regardless, our system overall extracted at least somewhatuseful information,
as manifested by the fact that over 90% of the reported eventsreceived non-zero
scores.

7 Conclusions

We have reported on an empirical study of event annotation and a new approach
for automatic event detection in text. We have implemented arobust, statistical5 Importance and label quality are measured only on extractedrelations of reasonable quality

(with link quality score above 0.5, 74.44% of the total extracted events).
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system that detects, extracts, and labels atomic events at the sentence level with-
out using any prior world or lexical knowledge. Our system uses text collections
vs. individual texts (cf.IR approach). It extracts relations between named entities
and links that relate these named entities (cf.IE approach), though, in contrast
to the classicalIE task our relations and links are domain-independent and not
defined beforehand but built on the fly. To assign labels to theextracted relations
our system uses both verbs and nouns (cf. computational linguistics). The sys-
tem is immediately portable to new domains, and utilizes information present in
similar documents to automatically prioritize events thatare specific (and there-
fore likely more interesting) to a given set of documents. Our examination of
results and a first small-scale evaluation indicate that theapproach is promising
as a means for obtaining a shallow interpretation of event participants and their
relationships.

The extracted event information can be used for indexing, visualization and
question-answering.
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Abstract
This paper reports a research effort in the scenario recognition task in In-
formation Extraction (IE). The presented approach uses partial semantic
analysis based on logical form representation of the templates and the pro-
cessed text. It is implemented in the systemFRET1 (Football Reports Ex-
traction Templates), which processes specific temporally structured texts.
A logical inference mechanism is used for filling template forms where
only scenario-relevant relations between events are linked in the inference
chains. Some aspects of negation and modalities that occur in the texts are
also taken into account.

1 Introduction

The most important and difficult sub-task inIEis scenario recognition. There are
many systems that address this problem applying different solutions. Roughly,
these solutions can be characterised as shallow or deep depending on the pro-
cessing depth at each of the stages. During the syntactic analysis the processing
varies from phrasal chunking to parsing and produces regularised forms (any-
thing from partially filled templates to full logical forms).

The discourse or multi-sentence level processing that follows the syntactic
analysis can be also more or less deep. It depends on the usageof declara-
tively represented world and domain knowledge to help resolving ambiguities
of attachments, word sense, quantifiers scope, and coreferences or to support
inference-driven templates filling (Gaizauskas & Wilks 1998). One of the last
presented systems using domain specific knowledge as semantic net is LaSIE

(Gaizauskas et al. 1995, Humphreys et al. 1998). It attemptsfragmentary par-
sing only and falls somewhere in between the deep and the shallow approaches.

Most systems from latestMUC (Message Understanding Conferences) avoid
usage of deep processing as it is hard to accomplish many of the required natural
language understanding tasks. The great effort needed for building up the do-
main knowledge is another reason for using shallow processing. Some authors
(Grishman 1997) believe that only grammatical relations relevant to the template1 This work is partially supported by the European Commissionvia contract ICA1–2000–70016

“BIS–21 Centre of Excellence”.
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should be considered. A good example for shallow approach implementation
is FASTUS (Appelt et al. 1993, 1995). It provides phrase parser and recognises
domain patterns for building raw templates that are normalised by the postpro-
cessor. The authors reported on difficulties in defining all possible patterns for a
given event thoughFASTUS showed second best results onMUC–5.

Our system focuses on template filling— an important and still open question
in our view. Many systems (Yangarber et al. 2000) for (semi-)
automatic generation of templates based on machine learning approach exist. So
we assume that templates are given beforehand andFRET tries only to recognise
scenario and to fill the corresponding templates correctly.

In this paper we present semantically driven approachfor scenario pattern
matchingin theIE systemFRET (Yankova & Boytcheva 2003). Our approach
is to provide deep understanding only in “certain scenario-relevant points” by
elaborating the inference mechanisms. So we decided to staybetween deep and
shallow approaches for text processing.

The paper is organised as follows: Section 2 presents an overview of FRET ar-
chitecture. Section 3 discuses our improvements in translation to logical forms(LFs),
especially the coreference resolution and the recognitionof negation and modal-
ities, which appear in the chosen domain. Section 4 describes the inference
mechanism inFRET. Evaluation results are in Section 5. Section 6 contains the
conclusion and sketches some directions for further work.

2 FRET Architecture

The design and the development of the Knowledge Base (KB) and the system
architecture are influenced on the football domain specificity. On the one hand
the football records paragraph structure (with tickers foreach minute) provides
rich temporal information that simplifies the choice of textparts to be processed
in search of the scenario. On the other hand scenario recognition in a frequently
changeable domain is a hard task. Both the domain terminology and statements
in football reports are fast changing. There is no certaintyin the truth of the stated
facts as they could be negated later. Also the specific usage of words, which are
treated as terms in the domain, is embarrassing even for human beings.

The system consists of the three main modules: text preprocessor, logical
form translator and templates filler. The text preprocessorperforms lexical analy-
sis, Name Entity (NE) recognition and part-of-speech tagging of football reports.
GATE system (Cunningaham et al. 2002) is integrated inFRET and its modules
perform these tasks.

The coreference resolution task is performed by the logicalform translator.
Its algorithm takes into account the domain characteristics. However, it solves
neither the usage of metaphors and nicknames of football players nor the va-
riety of foreign players names with their transcriptions. These problems reflect
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on the performance of theNE recognition and respectively on the coreference
resolution.

FRET’s KB contains two main parts: static and dynamic resource banks.The
static resource bank includes lexicon, grammar rules, rules for translation in
LFs, templates description and description of the domain events with their rela-
tions. All uninstantiated eventsLFs and relations between them are presented as
graph nodes and arcs respectively. Some information concerning the team/coach
names, players’ list, playing roles, penalties, etc. is notconstant so it could not be
added to the static part of theKB. It is included into the dynamic resource bank
and is automatically collected for each football report during the text processing.
Both the logical form translator and the templates filler usetheKB.

3 Logical form translation

Usually in NL texts, fragments of partial information about an event are spread
over several sentences. These descriptions need to be combined before the sce-
nario recognition. That is whyFRET associates the time of the event to each
producedLF. Every LF is decomposed into its disjuncts and each of them is
marked with the associated time.

A specially developed partial syntactic parser implemented in Sicstus Prolog
is used inFRET for logical form translation. All words inLF are represented
as predicates, where the predicate symbol is the corresponding base form of the
word and has one argument. Specially denoted predicates with a symbol “�” and
an arity 3 are used for representation of the thematic roles (see Example 1). The
arguments describe the thematic role and its relations withthe corresponding
predicates. In the case of proper name, the argument is substituted by the string
of the name.

Example 1:
Sentence:

17 mins: Beckham fires the ball into Veron.

Logical form:

time(17) & fire(A) & �(A, agnt, ‘Beckham’) & ball(D)

& �(A, obj, D) & �(A, into, ‘Veron’) .

Some aspects of coreference resolution (Dimitrov 2002) arealso solved at this
stage. Only pronominal and proper names coreference are important for the dis-
cussed system. The pronominal one is the most common type of coreference in
the chosen domain. Pronominal coreference resolution is restricted according to
the domain only in detection of the proper antecedent for thefollowing mascu-
line pronouns: (i) personal:he, himand (ii ) possessive:his. These anaphora are
solved by binding the pronoun to the nearest left position agent in the extended
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paragraph, which includes the last sentence from the previous minute, all sen-
tences from the current minute and the first sentence from thenext minute. The
relative pronounwho is solved by binding the pronoun to the nearest left posi-
tion noun in the current sentence. The proper names coreference is based on the
players’ lists from the dynamic resource bank.

Another problem that has to be solved during the parsing process is the iden-
tification of negations. As described in (Boytcheva et al. 2002) and taking into
account the specific domain texts, we distinguish explicit and implicit negations.
As total 52% of sentences in our corpus contain negations: 14% explicit nega-
tions and 38% implicit ones.

We consider two types of explicit usage of negation:� Short sentence containing only “No”. In this case we mark theLF of pre-
vious sentence with marker for negation “NEG”;� Complete sentence, containing “Not/Non/No”. In this case the scope of
the negation is the succeeding part of the current sentence and thus we
mark only itsLF with marker for negation “NEG”.

In implicit usage of negation (words as “but”, “however”, “although”. . . ) (Mastop
2001), bothLFs of words preceding and succeeding the negation in the sentence
(in some cases previous or next sentence) are marked with markers for nega-
tion: ‘BAHpos’ and ‘BAHneg’ (see Example 2, BAH is an abbreviation for But,
Although, However and “7” is an internal identification for the marker ).
Example 2:

Sentence:
79 mins: Henry fires at goal, but misses from a tight angle.

Logical forms:
time(79) & fire(A) & �(A,agnt,‘Henry’) & �(A,at,B)

& goal(B) & marker(‘BAHpos’,7).

time(79) & miss(A) & �(A,agnt,‘Henry’) & �(A,form,B)

& angle(B) & �(B,char,C)& tight(C) & marker(‘BAHneg’,7).

Another problem that has to be solved is to recognise sentences with modals
(“can”, “ should”, “ may”, “ have to”, . . . ) that appear in about 10% of the test
corpus. In this case we mark theirLFsand theLF of the next sentence with marker
“MOD”, because we expect acceptance or rejection of the current modality in the
next sentence (see Example 3).
Example 3:

Sentences:
21 min: Jaap Stam will be next. Surely he has to score. GOAL!!!
The ball reached the back of the net.

Logical forms:
time(21) & score(A) & theta(A,agnt,’Jaap Stam’)
& theta(A,char,B) & surely(B) & marker(’MOD’,6).
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All markers are necessary for further inference as at first weonly recognise
modalities and possible negations and postpone their interpretation.

4 Inference mechanism

In FRET all templates are described as tables with: (i) obligatoryand (ii ) optional
fields that have to be filled in. Both types of fields, taken as a whole, contain the
key information presented in the text (Wilks 1997). We statethat the scenario is
recognised if at least the obligatory fields are filled in, while the optional fields
can be left empty.

In FRET we distinguish three types of events related to each scenario that
are structured into a directed graph (see Fig. 1) – preliminary stored in the static
resource bank :


 Player scores.

entails

is a part ofenables

Main Event: Player scores.

LF Obligatory: time(Minute) & Score(A) & theta(A,agnt,Player)
Optional: Action1(C) & ball(D) & theta(C,agnt,Player) &
 theta(C,obj,D) & Location(E) & theta(C,Loc,E) &  Action2(F) &
 theta(F,agnt,Assistant) & theta(F,obj,D)&theta(F,to,Player)

Sub Event: Player’s shot hits the net. 

LF : time(Minute) & Action1(A1) & theta(A1,agnt,B) &
 shot(B) & theta(B,poss,Player) & theta(A1,obj,G) & Net(G) 

Base Event: Player shots the ball.

LF: time(Minute) & Action2(A2) 
 & theta(A2,agnt,Player) &   
 theta(A2,obj,D) & ball(D) 

Base Event: The ball is into the net.

LF: time(Minute) & ball(D) &
 theta(D,into,G) & Net(G)   

Figure 1:A part of the graph, stored in the static resource bank� main event:the template description asLF of obligatory and optional fields
and relations between them;� base events:LFs of the most important self-dependent domain events;� sub-events:kinds of base events immediately connected to the main one
(there is an arc between the nodes of the main and the sub-events).

The matching algorithm ofFRET is based on the relations between events. Each
of these relations is represented as an arc with associated weight in the graph.
We use four types of relations, defined as follows:� Event E2 invalidates event E1, i.e., event E2 happens after E1 and annuls

it.
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same time.� Event E1 enablesevent E2, i.e., event E1 happens before the beginning of
event E2 and event E1 is a precondition for E2.� Event E2 is a part of event E1.

The template filling module ofFRET performs two main steps: (i) matchingLFs
and (ii ) template filling . The step of matchingLFs is based on the modification
of the unification algorithm. We are interested in thoseLFs, which are produced
from the so-called extended paragraph. Thus we process eachparagraph sepa-
rately.

Initially the module tries to match eachLF from the extended paragraph to
the main event. We call this step direct matching. The directmatching algorithm
succeeds when at least oneLF is matched to the main event. When there are
no markers for negation or modalities in the matchedLF, the system proceed
with the template filling algorithm. Otherwise, the availability of such markers
is an indication that there is no certainty in the truth of thestatement matched to
the main event. So, some additional steps are necessary for correctly processing
the markedLFs and therefore recognising an event. These steps depend on the
attached types of markers.� NEG – the result from the matching algorithm is ignored, so the event is

not recognised. In this case we consider that it is better notto recognise
some event than to recognise it wrongly.� BAHpos, BAHneg – we treatLFs with these markers according to the
semantic interpretation of contrastive particles (Winter& Rimon 1994).
There are two major interpretation types: as negation and asconjunction
of independent statements. We are interested only in the contrast interpre-
tation, that is why we have to check whether we really have negation in the
markedLFs. The latter are processed as follows: all events related by in-
validate relation to the matched event are collected into a set; theLF from
the extended paragraph, which is marked with the other BAH marker is
juxtaposed to a member of the collected set; if this succeeds, the previous
matching is ignored.� MOD – the event is correctly recognised only when the nextLF from the
extended paragraph contains explicit confirmation (Sahlqvist 1975) (e.g.,
Yes; GOAL!!!; Bravo etc.) or the same scenario is recognisedin other
sentence from the current paragraph.

The direct matching algorithm succeeds when all variables of main event’sLFs
related to obligatory fields are bound. Synonyms lists from the KB are used for
the unification of variable predicate names inLFs.

If the direct matching algorithm failsFRET starts the inference matching al-
gorithm (cf. Figure 2). which is described below in a more formal way.



SCENARIO RECOGNITION IN FRET 263EP : LFs included in current extended paragraphM : main eventG: corresponding graph inKBC: predefined coefficientS ::= fEigni=1 whereEi is a sub-event of M

for i = 1::n:B ::= fBjg whereBj is a base event fromG and9 ar
(Bj; Ei; rj) 2 G
Apply the direct matching algorithm to all possible couples(Lk; Bp)
whereLk 2 EP andBp 2 B: Collect successfully matched couples
in setB0.
CalculateR =Pj=1::jB0j rj wherear
(Bj; Ei; rj) 2 G andBj 2 B0
if R � C then ”Unify” & SUCCESS; break

if : SUCCESSthen FAIL

Figure 2:Inference-matching algorithm

When the inference-matching algorithm succeeds, all possible predicates from
the selected sub-event (Ei) are unified by corresponding variables from the pre-
dicates in the set of successfully matched base events (B0). Thus the sub-event
LF is successfully matched. A similar unification is applied tothe set of matched
sub- and base-events (Ei [B0) and the main event (M) in order to fulfil the main
event’sLF (as shown in Fig. 1).

The templates filling starts only if either the direct or the inference matching
algorithm succeeds. Initially the template obligatory fields are filled by the re-
quired information. At this stage some additional information from the dynamic
resource bank is used too. The completion of all obligatory fields is sufficient
for correct scenario recognition. However, the optional fields, for which enough
information exist, are also filled in.

Example 4:

53 mins: Beckham shoots the ball across the penalty area to Alan
Shearer who heads into the back of the net at the far post.

Figure 3 shows the result obtained byFRET after processing a football match,
which contains sentences shown in Example 4 . The GOAL scenario is recog-
nised in the paragraph marked with“53 mins” . The direct matching failed but
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Figure 3:The result obtained after filling in a template from Example 3

the inference matching algorithm succeeded in matching oneof the sub-events
(i.e., “Player heads into the net”). Thus the obligatory fields are filled with the
corresponding information form the text (i.e.,player name = “Alan Shearer”)
and from the dynamic resource bank (i.e.,team = “England”). Please note that
in this case there is enough information for completing all optional fields but this
is an optimistic sample case.

5 Evaluation

FRET is tested only on the scenario “goal” for the texts of 50 reports, which
totally contain 148 instances of the event “goal”.

The f-measure of the text preprocessor module is< 96% and depends on
GATE performance. The algorithm developed for coreference resolution has f-
measure< 89% (the percentage is high because we are interested only inpar-
ticular cases of pronominal and proper noun coreference). The f-measure of the
parser is< 91%.

The domain specific treatment of negation and modalities improve the f-
measure of theFRET system. So the scenario templates are filled in with pre-
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cision: 86%, recall: 61 % and f-measure: 71.37 %. The direct matching works
in 12% and the inference is applied in 88% of the cases.

6 Conclusions and further work

Scenario recognition is important and difficult task forIE. So in this paper we
make an attempt to find an easy and effective way for scenario recognition that
may facilitate semantic processing of large text collections.

With the usage of inference we can find either similar ways of expressing
different scenarios or partial information about the same event spread over se-
veral sentences. Thus we believe that the inference is an integral part of finding
facts in texts. In order to make effective inference it is necessary to represent
sentences intoLFs and to have suitable representation of the domain knowledge.
We have to emphasize on the major role of the specially tailored structure of the
events and relations between them as a graph. The choice of simple relations
between events makes the inference mechanism in the graph structure easier.
However, not all the information provided in the text is needed for simple tem-
plate filling. So our approach uses shallow parsing and partial semantic analysis.

The innovative aspects inFRET at this stage of development are:� attempts for domain-specific treatment of implicit negation and modalities,
as well as� elaborated inference mechanism that provides relatively deepNL under-
standing but only in “certain points”. Please note that the inference is
simple and effective due to the consideration of only scenario relevant re-
lations between events.

Our plans for future development of the system include making a deep investi-
gation of the domain and completing the events graph. This will make our eva-
luation more precise and probably will improve the results reported above. We
also plan to test the system behaviour on other domains with aspecific temporal
structure.
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A Framework for Named Entity Recognition
in the Open Domain

RICHARD J. EVANS

University of Wolverhampton

Abstract
In this paper, a system for Named Entity Recognition in the Open domain
(NERO) is described. It is concerned with recognition of various types of
entity, types that will be appropriate for Information Extraction in any sce-
nario context. The recognition task is performed by identifying normally
capitalised phrases in a document and then submitting queries to a search
engine to find potential hypernyms of the capitalised sequences. These hy-
pernyms are then clustered to derive a typology of named entities for the
document. The hypernyms of the normally capitalised phrases are used to
classify them with respect to this typology. The method is tested on a small
corpus and its classifications are evaluated. Finally, conclusions are drawn
and future work considered.

1 Introduction

Information Extraction (IE) is defined as the automatic identification of selected
types of entities, relations, or events in free text (Grishman 2003). Significant
multi-site evaluations ofIE have been carried out in the Message Understanding
Competitions (e.g.,MUC-7 (Chinchor 1998)). In the context ofIE, the events
of interest described in documents are encoded using templates. An IE system
attempts to assign the participants of an event to functional slotsin the template.
The templates used in theMUC-7 IE task have slots forPERSON, ORGANIZA-
TION, ARTIFACT, andLOCATION elements. The goal of named entity recogni-
tion (NER) is to identify these elements in texts automatically.

MUC-7 relates to oneIE scenario but many more types of entity should be
recognised for effectiveIE in different domains. To illustrate, in the domains
of medicine or e-retail, systems will need to identify pharmaceutical names or
product names. The set of required name types varies from case to case. The
NER approaches developed forMUC-7 are able to recognise a small set of named
entity (NE) types with considerable accuracy. However, in most cases,the classi-
fication models used rely on specific domain knowledge. They cannot easily be
extended to recognise the pertinent entities occurring in documents from other
domains.

In the current state of the art,IE systems must be re-implemented for new
scenarios. In this paper, the goal is to automatically identify the entities that are
likely to be of interest in any scenario context, with no knowledgea priori. A



268 RICHARD J. EVANS

system calledNERO1 is described that embodies a framework forNER in the open
domain.

The paper is structured as follows. Section 2 describes the methods by which
NERO addresses its goals. In Section 3, the small corpus used to test the system
is described and in Section 4 the resulting evaluation is reported. In Section 5,
related work is reviewed and in Section 6 conclusions are drawn and directions
for future research considered.

2 The method for named entity recognition in the open domain

The process of open-domainNER is tackled in three stages. Firstly, a document-
specific typology forNEs is derived automatically (Section 2.1). Secondly,NEs
are identified (Section 2.2). Thirdly,NEs are classified in line with the derived
typology (Section 2.3).

2.1 Typology derivation

The typology is obtained by collecting the hypernyms of capitalised phrases,
clustering the hypernyms, and labelling those clusters. The method for identifi-
cation of hyponyms described in Hearst (1992) was applied inorder to identify
potential hypernyms of sequences of capitalised words appearing in the docu-
ment. Here, sequences include single words. In the first sentence of the abstract
of this paper, the sequences of capitalised words arefIn, Named Entity Recog-
nition, Open, andNEROg. Numerous patterns were used to produce queries that
were submitted to the google2 search engine. The summaries returned bygoogle
were then used to derive the hypernyms. Following Hearst (1992), when X is
a capitalised sequence, the querysuch as X , was submitted togoogle. The
FDG parser (Tapanainen & Järvinen 1997) was used to find the partof speech
and lemma of words in the returned summaries. The lemma of theimmediately
preceding noun was chosen as the hypernym of X. Three other patterns (Figure
1) were included in an effort to improve coverage. In these patterns, Y is a noun
phrase whose head is a potential hypernym of X. When runningNERO, queries
were submitted for each capitalised sequence and all of its substrings. The first
1000 results fromgooglewere processed in each case.

In the documents used as the test corpus for this work, the four patterns
shown in Figure 1 appear very rarely. In fact, for these documents only 1.19%
of NEs appear in those patterns. This contrasts with 96.46% when the Internet is
taken as the source of potential hypernyms. This observation justifies exploita-
tion of the Internet for this task.1 NERO stands for Named Entity Recognition in the Open domain.2 www.google.com
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Y such as X
Y like X
X or other Y
X and other Y

Figure 1:Hypernymy patterns

Having obtained sets of potential hypernyms for all sequences of capitalised
words in the input text, the system clusters the global set ofhypernyms in an
attempt to find the general types ofNE that appear in that document. NEs will
be classified on the basis of the resultant typology. A hard, bottom-up, hierar-
chical clustering algorithm was used (Manning & Schütze 1999:500-503). It is
presented in Figure 2.� Given:

– a setH := f�1; :::; �ng of hypernyms

– a group-average similarity functionsim, based on taxonomic similarity.

– � = 1� for i := 1 to n dohi := f�ig endC := fh1; :::hngj := n+ 1� while � > �
(1) � := max(hu;hv)2C�Csim(hu; hv)
(2) (hn1 ; hn2) := argmax(hu;hv)2C�Csim(hu; hv)
(3) hj := hn1 [ hn2
(4) C := C n fhn1 ; hn2g [ fhjg
(5) j := j + 1

Figure 2:The algorithm used to cluster hypernyms

This type of unsupervised learning is suitable for the current task in which no in-
formation on the desired set of derived types is availablea priori. The similarity
function used in the clustering algorithm is a group averagemethod that assesses
taxonomic similarity between hypernyms with respect to WordNet (Fellbaum
1998). Taxonomic similarity was computed usingLearning Accuracy(Hahn &
Schnattinger 1998). The clustering process is halted when the similarity between
the two most similar clusters drops below some threshold. Empirical observation
indicated that a threshold of 0.5 was suitable. The stoppingcondition is set to
prevent hypernyms indicative of distinct types from being merged.
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The WordNet package (Fellbaum 1998) was used in order to label the resultant
clusters. For all senses of all words in a cluster, increasingly general hypernyms
were listed. These lists were compared within the cluster and the most specific
hypernym common to all words3 was used to label the cluster as a whole. We de-
fined a measure,height, for each label that is the mean number of nodes between
the common hypernym and the senses in the cluster. This measure is used in the
classification of named entities (Section 2.3). The set of labels associated with
derived clusters forms the typology that will be used as the basis for classification
of NEs.

2.2 Identification of named entities (capitalised word normalisation)

Capitalisation is one signal that can distinguishNEs from other phrases in texts
but it is also used in the general layout and structuring of documents. It is thus
necessary to disambiguate capitalisation to determine whether a given word is
normally capitalised in all contexts, or whether capitalisation of the word is con-
text dependent. This disambiguation is referred to asnormalisation(Mikheev
2000).

NEROperforms normalisation with a memory based learning method(TiMBL ,
described in Daelemans et al. (2001)). Each capitalised word in the training
data is associated with a vector of feature values and a binary classification
(N O R M A L L YC A P I T A L I S E D or N O T N O R M A L L YC A P I T A L I S E D ). Features
appearing in the vectors include:

(1) positional information,
(2) the proportion of times the word is capitalised in the document,
(3) the proportion of times the word is sentence initial in the document and in

theBNC (Burnard 1995),
(4) whether the instance appears in a gazetteer of person names or, following

Mikheev (2000), in a list of the top 100 most frequent sentence initial
words in theBNC,

(5) the part of speech of the word and the surrounding words,
(6) agreement of the word’s grammatical number with the following verbto

beor to have.

The training data contains 3168 instances. The method was evaluated using
ten-fold cross validation. It obtained an overall precision of 98.63% and recall
of 98.51% forN O R M A L L YC A P I T A L I S E D instances and 100% precision and
98.31% recall forN O T N O R M A L L YC A P I T A L I S E D instances.3 Not necessarily all senses.
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2.3 Classification of named entities

Classification ofNEs exploits the derived typology. T is a type that subsumes
hypernymsft1, ...,tmg and� is a coefficient inversely proportional to theheight
of T. Word w matches, or is a substring of, a capitalised sequence C that has
hypernymsfh1, ...,hng and each hypernym has a frequencyfhi. The likelihood
that w should be classified as T is given by:Pmj=1Pni=1 �:g(hi; tj):fhi
The functiong(hi; tj) maps to 1 whenhi is identical totj, and maps to 0 other-
wise. Having computed the likelihood for all types, w is classified as belonging
to the one for which this measure is greatest.

3 The test corpus

The creation of evaluation data is very difficult for the non-expert due to the
“open” nature of theNE typology. For the pilot study presented in this paper, just
nine documents were hand annotated and an assessment ofNERO’s performance
was made against this human annotated data.

DOC #WORDS #NEs GENRE

a01 1944 258 Legal
j53 1980 2 Psych.
j59 1959 55 Art
k09 2005 92 Lit.
k12 2020 129 Lit.
k22 2024 137 Lit.
k25 1985 29 Lit.
n05 2051 75 Lit.
win 2884 274 Tech.
TOT 18852 1051

Table 1:Characteristics of the documents used to testNERO

Of the nine texts, eight were from theSEMCOR corpus (Landes et al. 1998) and
one was a technical document,win. One point to be made about the documents
taken fromSEMCOR is that these are extracts from larger texts, and are thus in-
complete. As will be noted in Section 4 this has some unfortunate consequences.

4 Evaluation

NERO is evaluated with respect to its ability to identifyNEs, to derive an appro-
priate typology ofNEs for a given document, and to classifyNEs in line with the
typology.
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4.1 Evaluating normalisation

The method for capitalised word normalisation (Section 2.2) was applied to the
documents used to testNERO. Overall, NERO was able to identify normally
capitalised words with a precision of 97.48% and recall of 88.39%. For words
that are not normally capitalised, the figures were 100% and 97.11% respectively.
The difference in performance when processing the nine testdocuments and that
obtained in ten-fold cross validation based on the trainingdata is partially ex-
plained by the fact that, as noted in Section 3, the documentsfrom SEMCOR

(Landes et al. 1998) are incomplete. ManyPERSON NEs are referred to using
only a surname or nickname in these files. The full name may have been intro-
duced earlier in the text, but this evidence is missing from the extract available in
SEMCOR. This affectedNERO’s performance as it rendered the gazetteers used in
Feature 4 (Section 2.2) redundant in many cases. While most systems for capi-
talised word normalisation are able to correctly classify nicknames and surnames
when they appear, these successful classifications are usually facilitated by the
appearance of the full names elsewhere in the document (Mikheev 2000).

4.2 Evaluating typology derivation

Evaluation of the typology derivation task is problematic because manual anno-
tation may require a high level of expertise within a given domain in order to
classify some types of entity and non-experts will tend to label theseNEs with
general types. Hiring experts will be an expensive undertaking within the con-
text of annotation in the open-domain. With respect to theNE types found in
the test files, several match those that are used inMUC-7 but there are additional
types used here.NAT LAN coversNEs that refer to nationalities or languages.
The titles of creative works such as paintings or books are marked CTVE TTL.
The names of menu items or buttons in computer software are markedOPT BUT.

An assessment was made of system performance in the derivation of a typol-
ogy. Precision and recall was computed for the set of clusters that constitute
types used to label instances in the test files. We define precision as the ratio of
the number of machine derived clusters that correlate well with a human derived
type, to the total number of machine derived clusters. Recall is defined as the
ratio of the number of machine derived clusters that correlate well with a human
derived type to the total number of human derived types annotated in the key
file. When calculating these figures, it was noted that in 40.91% of cases, the
machine derived clusters correlate only partially with human derived types. In
these cases, the machine derived cluster was counted as a good match if more
than half of the senses in the cluster were felt to be indicative of the human
derived type. Otherwise, it was not counted. The precision of the clustering
method is poor, at 46.97%. Recall is mediocre, at 67.39%. Theperformance of
the clustering method will limit that of theNE classification task.
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Inspection of the degree of correlation between machine derived clusters and
human derived types revealed a number of problems. In texta01, one cluster
was too general, incorporating hypernyms that distinguishtwo imporant types,
ORG and LOC. The problem of word sense ambuiguity was highlighted in the
clusters derived for documentk09. Here, one hypernymcharacter, was merged
with a cluster of words that share its graphic, rather than human, sense. It would
be necessary to perform word sense disambiguation (WSD) to solve this problem.

It was also clear that clustering is influenced by the hypernym collection
process. A qualitative assessment of the clusters producedby NERO showed
that manyNEs are classified by clusters of ambiguous hypernyms. To illustrate,
the hypernyms automatically obtained forTIME expressions such asMonday,
Wednesday, May, etc. tended to be more indicative ofPERSON NEs thanTIME

ones. Disambiguation of such hypernyms, by rule-based or statistical methods,
will be necessary in order to circumvent this problem. Another common source
of error (poor recall) in the automatic collection of hypernyms was caused by the
use of possessive forms ofNEs in the test documents. An unforeseen problem
during development of the system, it is expected that this issue can be solved by
the simple application of stemming rules during the hypernym collection pro-
cess.

The simple formulation of hypernym collection patterns causes valuable con-
text to be ignored to a large extent. For instance, whereX is the lemma of a noun
that is a potential hypernym of theNE Y, the patternX . . . like . . .Y fails to draw
a distinction between useful patterns such aspeoplelike Peterin the summaries
returned bygoogle, and less useful ones likeJohn doesn’t likePeter. In other
examples,google’s replacement of textual material in the returned summaries
by ‘. . . ’ is a source of error that leads to the derivation of unusual sets of hy-
pernyms forNEs. As an example, the nameGod was classified by the clusterfword, bookg when NERO is set with high values for the similarity threshold.
This issue should be resolved by filtering certain strings that are returned by the
search engine. These filters should be encoded in terms of both lexical items and
punctuation marks.

4.3 EvaluatingNE classification

Table 2 summarises the performance of the system in classifying theNEs in a
text. The columnNORM indicates the accuracy with whichNERO is able to iden-
tify the NEs in a document.#NEsIDd gives the exact number of capitalised words
identified byNERO. It can be compared with the column#NEs in Table 1 which
shows the actual number of words used inNE references in the document. The
remaining columns in Table 2 show the percentage of instances classified cor-
rectly (CORR) or incorrectly (INCORR). In many cases, the queries submitted
to googleare unable to indicate any potential hypernyms for a capitalised se-
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DOC NORM #NEsIDd CORR INCORR UNCLASS’ D

(%) (%) (%) (%)
a01 91.13 227 33.48 66.52 42.29
j53 96.92 3 33.33 66.67 0
j59 89.91 42 52.38 47.62 4.76
k09 93.88 46 45.65 54.35 10.87
k12 87.29 101 16.83 83.17 38.61
k22 92.47 90 20.00 80.00 63.33
k25 88.51 22 50.00 50.00 31.81
n05 98.29 37 70.27 29.73 10.81
win 92.48 253 70.36 29.64 2.37
TOT 92.25 821 45.07 54.93 26.31

Table 2:Performance ofNEROon named entity classification tasks

quence. When this happens,NERO uses any hypernyms that have been found for
substrings of the sequence. When no potential hypernyms areavailable for any
substrings, then the instance remains unclassified. The percentage of cases for
which this occurred in a document appears in the columnUNCLASS’ D. Note that
these cases are included in the figures underINCORR.

5 Related work

Research activity inIE andNER since the mid-90s has left a large literary foot-
print. In the first instance, readers are directed to the proceedings ofMUC-7
(Chinchor 1998) for a description and evaluation of competing NER systems for
English. Similar competitions have been held with respect to Japanese in the
IREX (Sekine 1999) conferences.

The continuing influence of theMUC competitions on the fields ofIE and
NER is significant. Papers such as Zhou & Su (2002), and the sharedtask at the
CoNLL Workshop atACL 2003 address the classification ofNEs on the basis of
the typology originally used inMUC-7.

The development of an extendedNE hierarchy, including more than 150NE

types, is described in Sekine et al. (2002). The researchersinvolved in this work
have also developed a classification system for the extendedset ofNEs. However,
the system is based on manually proposed rules specific to each type of entity and
is not strictly robust in the open domain.

As mentioned in Section 2.2, the domain-independent task oftext normal-
ization has been addressed before, and with greater accuracy than the system
reported in this paper, by Mikheev (2000). He used amaximum Entropyclassi-
fication model which also incorporated information about abbreviations and the
occurrence of capitalised sequences in the document.
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6 Conclusion

This paper has presented a framework forNER in the open domain, and has de-
scribed an implemented system,NERO, that embodies this framework (Section
2). It includes automatic components for derivation of a typology ofNEs (Section
2.1), for normalisation of capitalised words (Section 2.2), and for classification
of NEs in a given document (Section 2.3). The paper has described these compo-
nents and conducted a small-scale evaluation (Section 4). Related work has also
been reviewed (Section 5).

The unsupervised nature of the approach, its independence from annotated
training data, and the fact that it has addressed the open-domain are all strengths
of the system. The fact that, to a certain extent,NERO is able to derive appro-
priate typologies ofNEs for a variety of documents is also a favourable aspect of
its performance. Unfortunately, these strengths are over-balanced by numerous
weaknesses. Firstly, the patterns used to collect suitablehypernyms for capi-
talised sequences are vulnerable to data sparseness. In many cases, no suitable
hypernyms were identified byNERO. This problem can be addressed by formu-
lating additional patterns, and by using alternativeIR technology that recognises
punctuation symbols in queries. However, despite the rapidgrowth of the In-
ternet, this problem of data sparseness is unlikely to be eliminated. Alternative
approaches will be required in order to obtain the semantic type of entities for
which the current hypernym collection method fails.

As noted in Section 4, word sense ambiguity is a major problemin the hy-
pernym collection and clustering processes thatNERO performs. In future work,
it will be interesting to assess the feasibility of using a method for WSD in the
hypernym collection and clustering phases. Soft clustering algorithms, in which
elements may belong to more than one cluster, are another potential solution to
the problem of word sense ambiguity.

It will be useful to experiment with different classification methods for the
identifiedNEs. The weighting on different types can be adjusted not only with
respect to theheightof the label, but also with respect to the size of the cluster,
or information fromWSD.

The evaluation reported in this paper has been insufficient.In future work it
may be useful to applyNERO to theMUC-7 data in order to assess the effective-
ness of the typologies derived from those documents. An alternative approach
will be to incorporateNERO into differentIE systems and obtain extrinsic evalu-
ation results.

The overall value of the framework proposed in this paper remains an open
question. The current performance byNEROof the clustering, normalisation, and
classification tasks does leave much scope for improvement.These processes
must be improved and the system re-evaluated before there are sufficient grounds
for accepting or rejecting the approach suggested here.
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Latent Semantic Analysis
and the Construction of Coherent Extracts

TRISTAN M ILLER

German Research Center for Artificial Intelligence

Abstract
We describe a language-neutral automatic summarization system which
aims to produce coherent extracts. It builds an initial extract composed
solely of topic sentences, and then recursively fills in the topical lacunæ
by providing linking material between semantically dissimilar sentences.
While experiments with human judges did not prove a statistically signifi-
cant increase in textual coherence with the use of a latent semantic analy-
sis module, we found a strong positive correlation between coherence and
overall summary quality.

1 Introduction

A major problem with automatically-produced summaries in general, and ex-
tracts in particular, is that the output text often lacks fluency and organization.
Sentences often leap incoherently from topic to topic, confusing the reader and
hampering his ability to identify information of interest.Interest in producing
textually coherent summaries has consequently increased in recent years, lead-
ing to a wide variety of approaches. Unfortunately, many of these techniques
are tied to a particular language or require resources such as a list of discourse
keywords and a manually marked-up corpus; others are constrained in the type
of summary they can generate (e.g., general-purpose vs. query-focussed).

We present a new, recursive method for automatic text summarization which
aims to preserve both the topic coverage and the coherence ofthe source doc-
ument, yet has minimal reliance on language-specificNLP tools. Only word-
and sentence-boundary detection routines are required. The system produces
general-purpose extracts of single documents, though it should not be difficult to
adapt the technique to query-focussed summarization, and may also be of use in
improving the coherence of multi-document summaries.

Our system fits within the general category ofIR-based systems, but rather
than comparing text with the standard vector-space model, we employ latent
semantic analysis (LSA) (Deerwester et al. 1990), a technique originally devel-
oped to circumvent the problems of synonymy and polysemy inIR. LSA extends
the traditional vector-space document model with ‘singular value decomposi-
tion’, a process by which the term–sentence co-occurrence matrix representing
the source document is factored into three smaller matricesof a particular form.
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One such matrix is a diagonal matrix of ‘singular values’; when one or more
of the smallest singular values are deleted and the three matrices multiplied to-
gether, the product is a least-squares best fit to the original matrix. The apparent
result of this smearing of values is that the approximated matrix has captured the
latent transitivity relations among terms, allowing for identification of semanti-
cally similar sentences which share few or no common terms withal. We believe
that the deep semantic relations discovered byLSA may assist in the identifica-
tion and correction of abrupt topic shifts between sentences.

2 Algorithm

The input to our summarizer is a text document converted intoa list ofm tok-
enized sentences. The list (indexed from1 tom) is then segmentedinto linearly
discrete topics. This can be done manually if the original document is structured
(e.g., a book with chapters), or a linear text segmentation algorithm can be used.
The output of this step is a list of sentence indicesht1; : : : ; tn+1i, where, for theith of then topics,ti is the index of the first sentence of the topic segment andti+1 � 1 is the index of the last sentence of the topic segment. We stipulate that
there are no sentences which do not belong to a topic segment,so for all ti, we
haveti < ti+1, andti = 8<: 1 if i = 1;m+ 1 if i = n + 1;

the index of the first sentence of theith topic otherwise.

As mentioned previously, we useLSA to measure semantic similarity, so be-
fore we can begin constructing the extract, we need to construct a reduced-
dimensionality term–sentence co-occurrence matrix. Oncethis is done, a pre-
liminary extract is produced by choosing a representative ‘topic sentence’ from
each segment — that is, that sentence which has the highest semantic similarity
to all other sentences in its topic segment. These topic sentences correspond to a
list of sentence indiceshr1; : : : ; rni such thatri = argmaxti�j<ti+1 ti+1�1Xk=ti sim (j; k) ;
wheresim (x; y) 2 [�1; 1℄ is theLSA cosine similarity score for the sentences
with indicesx andy. In order to preserve important information which may be
found at the beginning of the document, and also to account for the possibility
that the document contains only one topic segment, we alwaysconsider the first
sentence of the document to be a topic sentence — i.e.,r0 = 1 — and include it
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in our initial extract.1 Let us refer to this initial extract asE0 = he0;1; : : : ; e0;n+1i
wheree0;i = ri�1.

As we might imagine, this basic extract will have very poor coherence, since
every sentence addresses a completely different topic. However, we can improve
its coherence by selecting from the seth1; : : : ; mi n E0 a number of indices for
‘glue’ sentences between adjacent pairs of sentences represented inE0. An ap-
propriate glue sentence between two others is one which occurs between them in
the source document, and is semantically similar to both. Thus we seek indicesG1 = hg1;1; : : : ; g1;ni such thatg1;i = argmaxe0;i<j<e0;i+1 f (sim0 (j; e0;i) ; sim0 (j; e0;i+1)) ;
where f (x; y) = xy � (1� jx� yj)
and sim0 (x; y) = � 0 if sim (x; y) > � or sim (x; y) < 0;sim (x; y) otherwise.

for � 2 [0; 1℄. The purpose off() is to reward glue sentences which are similar
to their boundary sentences, but to penalize if the similarity is too biased in
favour of only one of the boundaries. The revised similaritymeasuresim0()
ensures that we do not select a glue sentence which is nearly equivalent to any
one boundary — such a sentence is redundant. (Of course, useful values of�
will be 1 or close thereto.)

Once we haveG1, we construct a revised extractE1 = he1;1; : : : ; e1;2n+1i =hE0 [G1i.2 More generally, however, we can repeat the gluing process recur-
sively, usingEi to generateGi+1, and henceEi+1. The question that arises, then,
is when to stop. Clearly there will come a point at which someei;j = ei;j+1 � 1,
thus precluding the possibility of finding any further glue sentences between
them. We may also encounter the case where for allk betweenei;j andei;j+1,f (sim0 (k; ei;j) ; sim0 (k; ei;j+1)) is so low that the extract’s coherence would not
be significantly improved by the addition of an intermediarysentence. Or, we
may find that the sentences with indicesei;j andei;j+1 are themselves so similar
that no glue is necessary. Finally, it is possible that the user wishes to constrain
the size of the extract to a certain number of sentences, or toa fixed percent-
age of the original document’s length. The first of these stopping conditions is
straightforward to account for; the next two can be easily handled by introducing1 In practice, it may be the case thatr1 = 1, in which case inclusion ofr0 is not necessary. We

assume, without loss of generality, thatr1 6= 1.2 For notational convenience, we take it as understood that the sentence indices in the extractsEi are sorted in ascending order — that is,ei;j < ei;j+1 for 1 � j < jEij.
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Algorithm 1: glue()
input : initial extractE, maximum extract length̀
output : largest coherent extract of length� `
precondition: jEj < `
assumption : Lists are kept sorted in ascending order. Where list elements are

coordinate pairs, the sorting key is the first coordinate.G hi;
for i 1 to jEj � 1 dos sim(E[i℄; E[i + 1℄);

if E[i℄ = E[i+ 1℄� 1 or s > � then continue;g  argmaxE[i℄<j<E[i+1℄f(sim0(j; E[i℄); sim0(j; E[i + 1℄));
if f(sim0(g;E[i℄); sim0(g;E[i + 1℄)) � 
 then G G [ h(s; g)i;

end
if jGj = 0 then

return E;

else ifjEj+ jGj � ` then

return E [*x ������ (y; x) 2 jGj[i=jEj+jGj�`+1G[i℄+;

else
return glue(E [ hx j (y; x) 2 Gi ; `);

end

two fixed thresholds� and
: when the similarity between adjacent sentences
from Ei exceeds�, or when the value off() falls below
, no glue sentence is
suggested for the pair in question.

The case of maximum summary length is a bit trickier. If we arenot con-
cerned about undershooting the target length`, then we can simply halt the algo-
rithm oncejEij � `, and then takeEi�1 (or Ei, if jEij = `) as the final extract.
Most real-world applications, however, demand that we maximize the extract
size. GivenEi�1 of length` � p, the optimal extractE of length` is the one
which glues together thep largest gaps inEi�1.

A version of the gluing algorithm which takes into account all four stopping
conditions is shown in Algorithm 1.

2.1 Complexity analysis

Given an initial extract of lengthn, the first recursion of Algorithm 1 will add at
mostn � 1 sentences to the extract, yielding a new extract of length2n � 1. In
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general, at most2i�1n sentences will be added on theith recursion, bringing the
extract length to2in � 1 sentences. Therefore, to achieve an extract of length` > n, the algorithm needs to recurse at least�log2 `+ 1n �
times. The worst case occurs whenn = 2 and the algorithm always selects a
glue sentence which is adjacent to one of the boundary sentences (with indicese1 ande2). In this case, the algorithm must recursemin (`; e2 � e1) times, which
is limited by the source document length,m.

On each recursioni of the algorithm, the main loop considers at mostm �(2in� 1) candidate glue sentences, comparing each one with two of the2in� 1
sentences already in the extract. To simplify matters, we note that2in � 1 can
never exceedm, so the number of comparisons must be, at worst, proportional
tom. The comparison function,sim(), runs in time proportional to the number
of word types,w, in the original document. Thus an upper bound on the time
complexity of a naı̈ve implementation of Algorithm 1 isO(wm2).

Running time can be cut down considerably in the general case, however.
Since sim(i; j) remains constant, we can save time by precomputing a trian-
gular similarity matrix of all pairs of sentences in the document, or better yet,
by using memoization (i.e., caching intersentential similarity values as they are
computed). The algorithm could be further improved by having the loop skip
over adjacent extract sentences for which no glue was found on a previous recur-
sion. At any rate, the running time of the summarizer as a whole will likely be
dominated by theSVD step of theLSA stage (at leastO(wm2)).
3 Evaluation

3.1 Source data

We had hoped to use theTIPSTERdocuments commonly used in summary evalua-
tions at the annual Document Understanding Conference (DUC). However, most
of them were very short and focussed on single, narrow topics, making them
unsuitable for an evaluation of summary coherence. We therefore randomly se-
lected one 1000-word and one 2000-word article from a current encyclopædia,
plus one of the five longest newspaper articles from theDUC 2001 trial data.

3.2 Comparison systems

On the basis of our own informal observations, we determinedthat our system
(hereinafterlsa ) performed best with a retention of 20–30% of the singular
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values and thresholds of� = 0:9, � = 1:0, and
 = 0:1. More parsimonious
cutoffs tended to result in summaries greatly in deficit of the allowed length.

We selected four third-party comparison systems based on their availability
and similarity to our own technique and/or goals: MicrosoftWord,commonly
available and therefore an oft-used benchmark; Lal & Rüger(2002), a Bayesian
classifier summarizer intended to assist students with reading comprehension;
Copernic,a commercial summarizer based partly on the work of Turney (2000);
and Sinope(formerly Sumatra),which, likelsa , employs a technique for iden-
tifying latent semantic relations (Lie 1998). In our results tables we refer to
these systems asword , plal , copernic , andsinope , respectively. In addi-
tion to the above systems, we employed random- and initial-sentence baselines
(random andinit ), as well as a version of our summarizer which does not use
the singular value decomposition module (nolsa ).

3.3 Test procedure

We ran the eight summarizers on the three source documents twice each —
once to produce a “short” summary (around 100 words) and onceto produce
a “long” summary (around 300 words). We then recruited humanjudges who
self-identified as fluent in English, the language of the source documents. The
judges were provided with these documents and the 48 summaries grouped ac-
cording to source document and summary length. We asked the judges to read
each source document and then assign to each of its summariesan integer score
ranging from 1 (very poor) to 5 (very good) on each of three dimensions: com-
prehensiveness (i.e., topic coverage), coherence, and overall quality. The judges
were told only the compression ratio for each summary and told to take it under
consideration when assigning their ratings.

4 Results

4.1 Interjudge agreement

To compare interjudge agreement, we computed correlation matrices for each of
coherence, comprehensiveness, and overall quality ratings. Interjudge agreement
on coherence was generally low, with the mean Pearson correlation coefficientr ranging from 0.0672 to 0.3719. Agreement on comprehensiveness and qual-
ity was better, but still only moderate, withr in the ranges[0:2545; 0:4660℄ and[0:2250; 0:4726℄, respectively. Why the correlation is only moderate is difficult to
explain, though given the similarly low agreement in theDUC 2001 evaluations
(Lin & Hovy 2002), it was not entirely unexpected. Though we had made an
effort to narrowly define coherence in the written instructions to the judges, it is
possible that some of them nevertheless conflated the term with its more conven-
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Rank(s) Summarizer Mean rating
A init 11.1111
A B plal 9.9722
A B copern 9.6667
C B word 8.9444
C B lsa 8.7222
C B nolsa 8.6667
C B random 8.4722
C sinope 7.7500

Table 1:Summarizer coherence rankings

tional meaning of intelligibility, or with cohesion. As discussed in Miller (2003),
this last possibility seems to be supported by the judges’ written comments.

4.2 Comparative performance of summarizers

We usedSAS to perform a three-way repeated-measures analysis of variance
(ANOVA ) for each of the three dimensions: coherence, comprehensiveness, and
overall quality. Quite unexpectedly, the (document, summary length, summa-
rizer) three-way interaction effect was significant at the 0.05 confidence level
for all three dimensions (p = 0:0151, p < 0:0001, andp = 0:0002, respec-
tively). This means it would have been very difficult, if not impossible, to make
any generalizations about the performance of the individual summarizers. On
the assumption that the type of document was irrelevant to summarizer perfor-
mance, we added the document scores for each (summarizer, summary length,
rater) triplet to get new coherence, comprehensiveness, and overall quality mea-
surements in the range[3; 15℄. We then performed two-way repeated-measures
ANOVAs for each dimension. The two-way interaction effect was still significant
for comprehensiveness (p = 0:0025) and overall quality (p = 0:0347), but not
for coherence (p = 0:6886).

4.2.1 Coherence

In our coherenceANOVA , the only significant effect was the summarizer (p <0:0001). That summary length was not found to be significant (p = 0:0806) is
somewhat surprising, since we expected a strong positive correlation between
the coherence score and the compression ratio. Though we didask our judges
to account for the summary length when assigning their scores, we did not think
that very short extracts could maintain the same level of coherence as their longer
counterparts. It may be that summary length’s effect on coherence is significant
only for summaries with much higher compression ratios thanthose used in our
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Short summaries Long summaries
Rank(s) Summarizer Mean rating
A copern 10.0556
A plal 9.6667
A B init 8.5556
A B nolsa 8.1111

B lsa 7.5556
C B sinope 7.0000
C B word 6.9444
C random 5.3889

Rank(s) Summarizer Mean rating
A plal 11.9444
A B copern 10.5556
A B init 10.2222

B sinope 9.6667
B word 9.6111
B random 9.2222
B lsa 8.9444
B nolsa 8.9444

Table 2:Summarizer comprehensiveness rankings

Short summaries Long summaries
Rank(s) Summarizer Mean rating
A copern 9.7222
A B init 9.4444
A B plal 9.0556
A B nolsa 7.5000
C B lsa 7.3333
C word 6.9444
C sinope 6.7778
C random 5.5556

Rank(s) Summarizer Mean rating
A plal 11.1667
A B init 10.2778
A B copern 9.9444
A B word 9.2222
A B lsa 9.0556

B random 8.5000
B nolsa 8.3333
B sinope 8.1667

Table 3:Summarizer overall quality rankings

study.
With respect to the comparative performance of the summaries, only 7 of the

28 pairwise comparisons from ourANOVA were significant at the 0.05 confidence
level. The initial-sentences baseline was found to performsignificantly better
than every other summarizer (p � 0:00083) exceptcopernic andplal . The
only other significant result we obtained for coherence was that thesinope summarizer
performed worse thancopernic (p = 0:0050) andplal (p = 0:0005). Using
these pairwise comparisons, we can partition the summarizers into three over-
lapping ranks as shown in Table 1.

4.2.2 Comprehensiveness and overall quality

The mean comprehensiveness score for long summaries was higher than that for
short summaries by a statistically significant 1.9792 (p < 0:0001; � = 0:05). In3 All p values from here on are Tukey-adjusted.
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fact, in no case did any summarizer produce a short summary whose mean score
exceeded that of the long summary for the same document. Thiscould be be-
cause none of the short summaries covered as many topics as our judges thought
they could have, or because the judges did not or could not completely account
for the compression level. In order to resolve this question, we would probably
need to repeat the experiment with abstracts produced by human experts, which
presumably have optimal comprehensiveness at any compression ratio.

Likewise, the overall quality scores were dependent not only on the summa-
rizer but also on the summary length, but it is not clear whether this is because
our judges did not factor in the compression ratio, or because they genuinely be-
lieved that the shorter summaries were not as useful as they could have been for
their size.

As with coherence, we can partition the summarizers into overlapping ranks
based on their statistically significant scores. Because the (summary length, sum-
marizer) interaction was significant, we produce separate rankingsfor short and
long summaries. (See Tables 2 and 3.)

4.3 Analysis

Unfortunately, moderate to low interjudge agreement for all three dimensions,
coupled with an unexpected three-way interaction between the summarizers, the
source documents, and the compression ratio, stymied our attempts to make
high-level, clear-cut comparisons of summarizer performance. The statistically
significant results we did obtain have confirmed what researchers in automatic
summarization have known for years: that it is very hard to beat the initial-
sentences baseline. This baseline consistently ranked in the top category for
every one of the three summary dimensions we studied. While thecopern and
plal systems sometimes had higher mean ratings thaninit , the difference
was never statistically significant.

The performance of our own systems was unremarkable; they consistently
placed in the second of the two or three ranks, and only once inthe first as well.
Though one of the main foci of our work was to measure the contribution of
the LSA metric to our summarizer’s performance, we were unable to prove any
significant difference between the mean scores for our summarizer and its non-
LSA counterpart. The two systems consistently placed in the same rank for every
dimension we measured, with mean ratings differing by no more than 6%. As
a case study in Miller (2003) suggests, this nebulous resultmay be due more to
the LSA summarizer’s unfortunate choice of topic sentences than toits gluing
process, which actually seemed to perform well with the material it was given.
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5 Conclusion

Our goal in this work has been to investigate how we can improve the coherence
of automatically-produced extracts. We developed and implemented an algo-
rithm which builds an initial extract composed solely of topic sentences, and
then fills in the lacunæ by providing linking material between semantically dis-
similar sentences. In contrast with much of the previous work we reviewed, our
system was designed to minimize reliance on language-specific features.

Our study revealed few clearly-defined distinctions among the summariza-
tion systems we reviewed, and no significant benefit to usingLSA with our algo-
rithm. Though our evaluation method for coherence was intended to circumvent
the limitations of automated approaches, the use of human judges introduced its
own set of problems, foremost of which was the low interjudgeagreement on
what constitutes a fluent summary. Despite this lack of consensus, we did note
a strong (r = 0:6842) positive correlation between the judges’ scores for coher-
ence and overall summary quality. We would like to take this as good evidence
that the production of coherent summaries is an important research area within
automatic summarization. However, it may be that humans simply find it too
difficult to evaluate coherence in isolation, and end up using other aspects of
summary quality as a proxy measure.
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Facilitating Email Thread Access by Extractive Summary
Generation
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Abstract
Email threads are the most common way to represent (archived) discussion
groups or mailing lists. Due to the large volumes of such archives, better
representation of the threads is required in order to allow the users to find
topics of interest and to decide which threads to read. This paper discusses
our initial approach to generating thread overviews that serve as indicative
summaries for the thread. The overviews give the user a better idea of
what is discussed in a related set of email exchanges than thecurrently used
conventions can provide. A relatively large user study on fifty email threads
was performed and it confirmed the utility of the proposed approach.

1 Introduction

Mailing lists and discussion groups are becoming increasingly popular. They
contain a lot of potentially useful or interesting information (Millen 2000) but
finding relevant information might be a daunting task. The main reason for this
is that whether reading current postings or past archives, one has few clues what
exactly is discussed in an email thread before actually reading all the postings in
it. One of the most common representations of mailing list archives is a sequence
of the threads in the archive, where each thread is shown as anindented list with
subject lines and sender’s name, time of posting and number of follow-ups for
the message. Even when the subject of the initial posting (root) of the thread is
well chosen and informative, the indented representation is not very helpful since
the subjects of all follow-up messages are simply “Re: Original Subject”. Hyper-
mail1 and MHonArc2 are the two most commonly used programs for mailing list
archiving and they create browsable representations of thekind just described.

A somewhat better representation is a more hierarchical listing, where the
first level contains the subject of the first email in each thread (the root) and
the number of postings in the thread and then when a thread/subject is chosen,
the indented representation of just this thread is shown in anew window where
the messages can be opened and viewed one at a time. The introduction of this
extra level gives the user the ability to quickly skim through the initial subject1 http://www.hypermail.org/2 http://www.oac.uci.edu/indiv/ehood/mhonarc.html
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lines and choose if there is something interesting to read. LISTSERV3 provides
archives of this kind. But, again, even when the subject for the initial posting
is well-chosen, it can rarely give the user a good description of what is being
discussed.

Google4 groups further improve on that by using a two-level representation.
The first level is similar to the first level in LISTSERV archives and contains
date of posting, subject ofthread initial email, name of most recent poster and
number of messages in the thread. The second level consists of a two frame page
showing the indented structure and a digest of the messages on one screen. The
digest consists of the concatenated bodies of the first ten messages posted in the
thread. The Google groups representation therefore allowsa user to find topics
of interest and to read the threads corresponding to each topic without having to
click on every message.

In this paper we describe a more efficient representation that allows a user to
decide which threads to read without browsing the actual content of the thread.
We call this a thread overviewand it consists of an extractive summary for the
documents at the first two levels of the discussion thread tree. The overviews are
relatively short and the user can skim through them in order to find threads of
interest.

2 Related work

The need for better and easier access to email, discussion groups, and mail-
ing lists has given rise to several directions of research. Asubstantial body of
work addresses the problem of visualization and how it can facilitate access and
navigation. Conversation map (Sack 2000), for example, is an interface for dis-
cussion archive browsing. The foci in its development are social, semantic and
pragmatic aspects of the discussion and how these can be visualized. The system
computes links of interaction – who responds to whom, finds “authorities” in the
discussion and also creates semantic networks representing similarities and con-
nections between topics discussed in the list. Smith & Fiore(2001) and Donath
et al. (1999) also discuss issues with visualizing the huge amount of useful meta-
data that can be gathered from discussion lists.One of the problems common
to all three of these approaches is that representations often involve diagrams,
graphs and semantic networks whose interpretation is not intuitive for users.

Work by Muresan et al. (2001) describes an approach to summarizing single
emails by key phrase extraction. A corpus of email was manually labeled and
machine learning techniques based on linguistic features were applied to obtain
a list of noun phrases representing the gist of an email.3 http://www.lsoft.com/products/4 http://groups.google.com/
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Newman (2002a; 2002b) describes a project about overall archive characteriza-
tions and better representation of individual threads. A portion of the essential
text of each email is presented in the first level of overview.She also deals with
visualization issues and the approach seems promising but no user studies have
been conducted so far to evaluate the system.

All the work in the field of multi-document summarization5 is very related
to the problem of creating an overview for an email thread. A lot of research
has been done on informative summarization for newswire, but it seems that
indicative summarization is what is more needed in the scenario that we dis-
cuss. Informative summaries are intended to serve as surrogates for the original
document(s), while indicative summaries aim at providing an idea about what
is discussed in the document(s) and rather than substituting the original(s) they
are supposed to help the user decide if the document(s) are worth retrieving and
reading.

3 Task and corpus

Taking into account all the previous discussion on the problem, the current prac-
tices and related research, we felt that an indicative summary representation of
an email thread can facilitate the retrieval of relevant information from mailing
list and mail-based discussion groups. Therefore, we wanted to generate indica-
tive summary representations or overviews of threads that can provide a better
idea of the problem discussed than the original subject linealone could give.

Since automated subject/headline generation (Banko et al.2000) is a hard
problem and has been currently addressed only in single document setting, ex-
tractive summary generation seemed like a good way to proceed. In other words,
extracting one informative sentence per email and using that as the subject would
provide a preview of the content of an email. Such an approachcomplements the
approach taken by Newman (2002a) where parts of messages areshown as part
of an overview page. An obvious starting point would be to usethe first sentence
of an email as its subject. However, unlike newswire, first sentences in email can
often be greetings, quotes from a previous message, header information, etc.,
and therefore they, in general, may not be informative. Nevertheless, we used a
variant of first sentence extraction as a baseline for comparing the performance
of our approach (described further in Section 5).

3.1 Corpus

We chose to work with the Pine-Info mailing list which contains emails regarding
“features, bugs and workarounds, usage, installation, customization and more5 See for example the Document Understanding Conference publications http://www-

nlpir.nist.gov/projects/duc/pubs.html .
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pertaining to the Pine software”6. The choice of this list was deliberate as the
discussion there is very focused and usually problem-solving oriented and our
approach is targeted toward discussion lists of this kind. In comparison, the
discussion on general topics can be much more loosely related and far more
difficult to process successfully.

The length of discussion paths (a single branch of the discussion tree) and
their branching factor (the maximum number of answers a message gets) can
vary significantly from one discussion group to another. An analysis of the cor-
pus showed that neither the depth nor the branching factor ofthe threads were
very large. Table 1 shows that paths in threads from the list tend to be short, with
the majority including just a root and a follow-up to it (depth 2) and that chains
of replies longer than 4 are not typical. Threads in the list are also not very bushy,
with most messages receiving just one or two replies. The exact figures can be
seen in Table 1.

The shallow, thinly branched threads in this corpus are the result of the fo-
cused nature of the list. The initial emails are usually requests for help and they
often receive direct answers. This makes the top level of thediscussion tree (the
root plus the first level of answers) very useful since they often contain statements
of problems and their solutions. We should however note thatnot all threads start
with a problem question followed by a series of answers. There are numerous
cases where the initial email starts a general discussion, solicits opinions, reports
bugs, suggests new features, etc. The archive provided us with 2389 threads to
work with.

depth 2 3 4–7 8-21 successors 1 2 3-7
branches 9999 1930 1586 189 messages 12058 2908 746

Table 1:Length of paths found in threads and their branching factors. On the left are
shown the number of branches (paths) with the specified depth. On the right, the

number of messages with a given number of successors are listed and leaf messages
with no succesors are not shown

4 Generating thread overviews

As described earlier, our goal was to generate an indicativesummary represen-
tation of a thread by extracting, from each email in the thread, a sentence which
substitutes its subject line. Because of the problem solving nature of the discus-
sion list, we noticed that a further reduction can be made by extracting a sentence
only from the thread root message and its immediate follow-ups. These extracts6 http://www.washington.edu/pine/pine-info/
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ideally contain a statement of the problem and a suggestion for its solution, they
are easy to read and also they give the user sufficient information on the topic
of the thread so that the user can decide if he needs to read theentire thread.
Thus, we do not use a fixed compression rate in terms of words for the produced
summaries, but rather aim at a more flexible stratagy in whichone sentence per
message is chosen.

Figure 1 shows an example of an indicative summary of a thread. The first
line, in bold, is the original subject line of the root message. Below this line is
the summary subject line from the root followed by two summary subject lines
from the two replies.

The algorithms used to generate such an indicative summary are described
below.

4.1 Extracting sentences from roots

Often initial postings have well-chosen subjects. In orderto find the sentence
in the root email that contains the heart of the problem, rather than background
or introduction information, we find the shortest sentence in the email that has
the largest overlap of nouns, verbs, adjectives or adverbs with the subject of the
message. There are four stages in the algorithm:

(1) Clean any existing quotation and signature blocks from the root.
(2) The message and its subject are processed with LT POS Mikheev (1996).

Sentence boundaries and parts of speech are assigned.
(3) Every noun or verb is substituted by its non-inflected lexical form, ob-

tained from WordNet (Miller et al. 1990).
(4) Each sentence is assigned a score equal tooverlapsubj=lengthsent, whereoverlapsubj is the overlap of noninflected forms of verbs, nouns, adjectives

and adverbs in the subject and the sentences, andlengthsent is the number
of words with such parts of speech in the scored sentence. In the case of
ties, the sentence with highest score that appears first in the body of the
message is chosen.

The sentence with highest score is extracted. The normalization to sentence
length was aimed at picking shorter sentences. Very long sentences are not easy
to skim and also for such sentences the probability of largeroverlap is naturally
higher. We will return to the issue of normalizing the sentence length for the root
in Section 5.

4.2 Extracting sentences from follow-ups

In this stage, the overlap in terms of verbs and nouns betweenthe root message
and each of the sentences of the follow-up message is computed.
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Figure 1:Thread Overview Example

(1) Clean any existing quotation and signature blocks in both the root and the
follow-up messages.

(2) Both the root mail and its follow-up are processed with LTPOS to get
part-of-speech tags and sentence boundaries. Using WordNet, nouns and
verbs are converted to their noninflected forms.

(3) For each sentence in the follow-up, a weight is computed equal to the
overlap of nouns and verbs between the root email and the sentence.

(4) The sentence with highest score is extracted as a “main topic” for the
follow-up message. Again, ties are decided by giving preference to the
sentence with the highest score that appears earliest in themessage.

Thus, the root message is taken as background and the sentence most relevant
to the background in the follow-up is extracted. This approach helps make the
overviews more cohesive as it ensures that the subjects of the follow-ups are
related to the subject of the root.

An example of a thread overview is shown in Figure 1. Figure 2 provides the
full text of the messages in the thread.

5 Evaluation and results

Evaluating machine generated summaries in an automated wayis currently an
unsolved problem. Therefore, we used human subjects to judge the indicative
summaries produced by our system. We used fifteen human subjects to evaluate
fifty randomly selected threads containing 161 messages total. Each thread was
evaluated by three subjects and the majority decision was taken as final.

We asked the users to evaluate the summaries in three dimensions:
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GOOD BAD
roots 58% 42%

follow-ups 64% 36%
before reading messages 74% 26%
after reading messages 68% 32%

Table 2:The first two rows show the appropriateness rating for the sentences extracted
per email. The last two rows contain the rating of how indicative the entire overviews

were both before and after reading the actual thread. GOOD means the evaluator
could form an expectation about the subject matter of the message/thread and BAD

means the summary was not helpful

(1) How informative was the overview? How good idea does it give you about
what is being discussed in the thread?

(2) Was the summary subject line of the root message appropriate? Can you
get from it an idea of what the message is about?

(3) Were the summary subject lines of each of the responses appropriate?

The first question is definitely different from the other two because it is possible
that well chosen subject sentences do not make up a good overview, or alterna-
tively, the overview can be informative even when the most appropriate sentences
are not chosen as the subject for either the root or one or moreof the follow-ups.
In order to capture this variation we asked our subjects to first judge threads
as a whole and then separately judge the appropriateness of each of the subject
sentences with respect to the email it is extracted from. In addition, since it is
possible that overviews may suggest a misleading topic of discussion, we asked
the human judges to give their opinion on the informativeness of the thread in
two scenarios. First, they were asked, before reading any ofthe messages in the
thread, to read the overview and decide if they can form an idea of what will
be discussed in the thread. Then, after reading the messages, they gave their
opinion again, now acquainted with the actual content of themessage. Opinions
did change – out of the 150 total judgments, there were 22 changes of opinion
where an overview first seen as informative was judged misleading after reading
the whole thread, and there were 7 changes in the opposite direction.

Table 2 shows the ratings on the appropriateness of the extracted sentences
for each of the messages in the fifty threads. A closer look at the numbers showed
that the performance for root messages was lower than that ofthe follow-ups.
A subsequent analysis showed that normalizing the sentencelength resulted in
concise but not necessarily the most appropriate sentencesbeing picked as the
subject. Table 2 also shows the ratings on how indicative theoverviews really
were. The first observation here is that the numbers for the indicativeness of the
overviews are much higher than those for the appropriateness of the sentences.
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Figure 2:Messages for which the overview in Figure 1 was generated

The figure also shows that there was a net 6% change of opinion in the negative
direction. While the final numbers in this figure are not in thedesired 80% plus
range, we feel that when compared to the existing schemes of repeating the sub-
ject line of the root messages, our representation providesa huge improvement
with 68% of the overviews actually being judged as good.

The judges were also asked to compare the thread overview generated by
sentence extraction and a baseline overview generated by using the first sentence
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in a message. However, as noted earlier in the paper, the firstsentence of a
message can consist of quotes from previous messages in the thread, greetings,
etc. Therefore, in order to make the comparison realistic, we manually chose the
first “useful” sentence of the message. The overview generated by our system
was better than or equal to the baseline 74% of the time. The three judges could
not form a majority opinion in 10% of the cases while in 16% of the cases they
preferred the baseline overview.

6 Conclusions and future work

The user study evaluation shows that extractive techniquescan help enhance
access to discussion group archives. A natural next step will be to try multi-
document summarization approaches to the messages at the same level of the
discussion tree. In order to get maximum benefit from the thread overviews, the
extraction of sentences needs to be combined with visualization techniques.
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Abstract
The paper studies the factors influencing the performance ofthe Latent
Semantic Analysis. Unlike previous related research that concentrates on
parameters such as matrix elements weighting, space dimensionality, sim-
ilarity measure etc., we address the impact of another fundamental factor:
the definition of “word”. For the purpose, series of experiments were per-
formed on two corpora in order to compare (with respect to thetask of text
categorisation) six word variants with different linguistic quality. The re-
sults show that while the linguistic processing influences the performance,
the traditional factors are more important.

1 Introduction

The contemporaryInformation Retrieval(IR) relies almost exclusively onbag-
of-wordsmodels and individual words counts. Multi-word terms are less often
used as basic language elements due to the complexity and ambiguity of their
recognition. Thus, the definition ofword/term from the point of view of the
particularIR algorithm may turn to be of crucial importance. It could be just the
surfaceword type(form) as seen in the text, thelemma(the canonical form) after
inflexions removal, theroot or thestem(a prefix shared by the different forms of
the same word). In the latter case, a stem can group together aset of inflected
forms only (of the same root), but often includes derivational variants as well. In
addition, thehomographscan be further disambiguated: this can be limited to
Part-Of-Speech(POS) only, or may involveword sense disambiguation(when a
supervised algorithm is used) orword sense discrimination(when unsupervised,
e.g., clustering). Finally, thetermscan be multi-word phrases or named entities.

There is a default assumption in the computational linguistics community
that a better, linguistically motivated definition ofword may improve theIR re-
sults, whatever“improvement” means, but this remains to be proven or at least
checked in carefully designed experiments. Our present work is focused onLa-
tent Semantic Analysis(LSA) in an attempt to better understand the role of the
preliminary linguistic processing for text classificationof Bulgarian documents.
Section 2 briefly introducesLSA as anIR technique. Section 3 comments the
related work. Section 4 overviews the resources used. Section 5 describes our
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experiments and section 6 discusses the results. Section 7 contains the conclu-
sions and future work.

2 LSA and text categorisation

LSA is among the most popularIR techniques. It assumes an internal structure
of the word usage that cannot be observed directly due to the freedom of lexical
choice: a variety of words and word combinations can refer tothe same notion,
as different people use the same words to describe the same object 10-20% of
the time only (Furnas et al. 1986). The core idea ofLSA is the assumption of
mutual latent dependencies between the words and the contexts they are used in
(phrases, paragraphs or texts). By taking advantage of this, LSA can deal with
synonymy and partially with polysemy, which are among the major problems
with the word-based approaches.

LSA is fully automatic and does not need linguistic resources. It is a two-
stage process including learning and analysis of the indexed data. Onlearning,
LSA performs an automatic document indexing and constructs anm�nmatrixX
with columns associated with then documents, and rows with them terms. The
matrixX is subject tosingular value decomposition(SVD), which is supposed to
remove the unnecessary noise while revealing the latent factors. It compresses
the original space in a much smaller one where only a limited number of singular
values are kept (typically between 100 and 400; experimentsfor English show
300 is close to optimal (Landauer & Dumais 1997)). As a result, a vector of re-
duced dimensionality is associated with each term and with each document. The
second phase is theanalysis, when the proximity between two documents/terms
is calculated as the dot product between their normalisedLSA vectors.

In our experiments, we built anLSA matrix from the documents in the train-
ing set. The new document to be classified is projected in theLSA space and then
compared to each one from the training set with cosine as a similarity measure.
We usedk-nearest-neighbour(kNN), which is among the best performing text
categorisation algorithms: calculate a similarity score between the document to
be classified and each of the labelled documents in the training set. Whenk = 1
the class of the most similar document is selected. Otherwise, the classes of thek
closest documents are used, taking into account their scores1. Finally, in addition
to LSA, we considered for comparison the standardvector-space model(with no
dimensionality reduction).1 We can usedirect sumor sum after dividing by the rankof the document in the sorted list of the

closestk ones. Considerk = 6 and let the 6 closest documents have scores/classes as follows:
.98/cls2, .76/cls1, .65/cls3, .53/cls1, .47/cls2 and .33/cls1. When just adding the individual
scores, we obtain:cls1: .76+.53+.33=1.62,cls2: .98+.47=1.45 andcls3: .65. Socls1wins. If
we divide by the rank, we have:cls1:.76/2+.53/4+.33/6=.5675,cls2: .98/1+.47/5=1.074 and
cls3: .65/3=.2167, socls2wins.
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3 Related work and motivation

A variety of algorithms have been applied to supervised textcategorisation:
Naive Bayes,k-nearest-neighbour (kNN), Rocchio, support vector machines,
decision trees, decision lists, neural networks, maximum entropy, expectation
maximisation, linear least squares etc., see (Yang 1999) for an overview. For
application ofLSA to text categorisation see (Bartell & al. 1992; Foltz & Du-
mais 1992). LSA is highly dependent on the parameters tuning (Nakov 2000),
see (Dumais 1991) and (Nakov et al. 2001) for a deeper study ofthe weight
functions impact onLSA performance. (Nakov et al. 2003) contains a longer
list of relevant work, dealing with application ofLSA to text categorisation and
parameters tuning. Here we briefly point to the following:

1. AlthoughLSA is a comparatively old and well-studied technique, its effec-
tive usage requires sophisticated tuning, which is viewed as a kind of art. Some
of the most important performance factors are: (i) definition of term, (ii ) matrix
elements weighting, (iii ) space dimensionality, and (iv) similarity measure. LSA
has been used for a variety of tasks, including text categorisation. We found the
latter more natural for automatic evaluation since it allows relatively easy results
comparison and is to certain extent more “objective” than the classicIR. There
are several subtasks in text categorisation: (i) topic identification, (ii ) authorship
attribution, (iii ) text genre classification, (iv) language identification, etc. The
experiments reported below are restricted totopic identification.

2. The definition ofterm in LSA input texts attracted less attention so far
and has not been investigated systematically as a performance factor. To the
best of our knowledge, it is not studied at all for the highly inflectional Slavonic
languages, which motivates our current research.

3. Stemming for Bulgarian is an interesting problem becauseof thedefinite
andindefinite articles, which appearaugmentedat the veryendof the words. We
used a rule-based inflectional stemmer for Bulgarian (Nakov2003) with stem-
ming rules learned automatically from the morphological dictionary we have at
hand. In order to improve the coverage, we applied all the 93,066 stemming rules
for the three-letter left contexts.

4 Linguistic resources and text collections

A key resource for the experiments reported below is the large Morphological
Dictionary of Bulgarian, created at the Bulgarian Academy of Sciences. The
texts from the corpus were lemmatised according to this dictionary and the list
of 442 stopwords was derived from it as well. Although the stemmer targets the
inflectionalmorphology only, the resulting stems sometimes conflate different
derivationalvariants as well. This means, sometimes it is potentially more pow-
erful than lemmatisation (although it is conservative and not as aggressive as the



300 P. NAKOV, E. VALCHANOVA & G. ANGELOVA

traditional stemmers for English, e.g., the Porter stemmer(Porter 1980)). From
a linguistic perspective, stemming is less “correct” than lemmatisation, so we
wanted to compare them.

We built a special collection (calledSet15) of news articles from Bulgar-
ian online sources, which includes 702 different documentsmanually grouped
in 15 categories.Set15contains 19,429 word types and 406,783 word tokens
(the numbers and the non-Cyrillic symbols are excluded). Further, we filtered
out all single letter words as well as the ones met in a single document (as they
cannot contribute to the similarity between two documents when cosine is used
as a similarity measure). As a result, the word types count dropped to 19,301
and the word tokens count� to 259,000. In addition, we built another collec-
tion Set4(127 documents), a subset of the intial one, containing the documents
from 4 categories only: (i) Agriculture&Foresty� 12 documents, (ii ) Culture�
33, (iii ) Defence� 15 and (iv) Sport� 67. When the filtering was applied to
Set4the word types/tokens dropped from 15,483/80,016 to 5,530/36,527. Set4
contains 4,487/71,879 stems for types/tokens respectively, obtained using the
above-mentioned stemmer, 4,558/73,018 lemmas, 951/1,455phrasal terms and
190/458 named entities. Semantic processing concerned named entities only, as
synonymy of institution names was relevantly marked. A moredetailed discus-
sion regarding the data can be found in (Nakov et al. 2003).

A potential problem with this stopwords removal is that manyof the stop-
words can be regular ones depending on theirPOS. There are 53 such stopwords
in our dictionary. So, for thePOSdisambiguation, lemma and lemma&phrase
experiments described below we checked thePOSbefore filtering. For the stem-
ming experiments no checking was performed.

5 Experiments and evaluation

The evaluation was based on astratified 10-fold cross-validation. For the pur-
pose,Set15was split into 10 sets of almost equal size such that the classdistribu-
tion in each set follows as close as possible the class distribution in the original
collection. We ran 10 tests, each time training on 9 folds andtesting on the re-
maining one. We calculated the classification accuracy on the test set for each
run and took the average over the 10 runs.

Set4is smaller and we did not want to lose too much data for training, so we
performed a stratified20-foldcross-validation. An alternative would be to follow
a leave-one-outstrategy: train on 126 documents and test on the remaining one.
But since we remove a document from one class only, this classwill suffer,
unlike the rest, and thus the results will not be a good approximation of the real
performance. We decided that 20 is a good compromise betweenthe need to
model to some extent the original distribution and to waste as less documents as
possible during testing.



TOWARDS DEEPER UNDERSTANDING OF LSA PERFORMANCE 301

As we will see below, the choice of weighting functions, applied prior toSVD
can have a dramatic impact on the further performance. The weighting is ex-
pressed in terms of theLocalandGlobal Weight Functions(LWF andGWF). The
LWF L(i; j) represents the weight of termi in documentj, while theGWFG(i)
expresses the weight of termi across the entire document collection. Some pop-
ular weighting schemes forLSA, together with their numerical codes used in our
tables, follow (Nakov et al. 2001):� LWF = 0: L(i; j) = x(i; j) � frequency of termi in documentj� LWF = 1: L(i; j) = log(1 + x(i; j)) � logarithm� GWF = 0:G(i) = 1 � trivial� GWF = 1:G(i) = 1pPj L(i;j)2 � normalised� GWF = 2:G(i) = g(i)=d(i) � GfIdf� GWF = 3:G(i) = 1 + log(N=d(i)) � Idf� GWF = 4:G(i) = �Pj p(i; j) log p(i; j)� GWF = 5:G(i) = 1 + Pj p(i;j) log p(i;j)logN

where:N is the training documents count,g(i) � frequency of termi across
all documents,d(i) � number of documents containingi, p(i; j) � probability
(normalised frequency) of observing termi in documentj.

BothGWF=4 andGWF=5 represent some kind of entropy.GWF=4 performed
slightly worse thanGWF=5 but otherwise exhibited the same behaviour, so we
removed it from Tables 1 and 2 in order to save space.

We performed a large number of experiments:11 � 2 � 6 � 5 = 660, for
Set4(word definitions with and without stopwords removed,GWF, LWF, LSA
dimensions), and4�2�6�5 = 240, for Set15. For each of these combinations
we tried all possible values ofk for thekNN classifier:�114 forSet4, and�670
for Set15. Further, each possibility was tried with and without dividing by the
rank (Nakov et al. 2003). So, forSet4we ran11�2�6�5�114�2 = 150; 480
single tests and forSet15we had4� 2� 6� 5� 670� 2 = 312; 600.

The evaluation results forSet4usingkNN with k = 1 are summarised in
Table 1, which shows the classifier’s micro-average accuracy over the 20 cross-
validation runs. Columns 1 and 2 contain theLWF andGWF numerical codes, as
described above. Column 3 shows theLSA space dimensionality (orig. means:
no dimensionality reduction, i.e., the original vector-space, which is 15,438 for
raw words; 4,487 for stems etc.). Each row corresponds to a particular combi-
nation ofLWF*GWFandLSA dimensionality reduction. Columns4� 8/10� 14
summarise the classification correctness for different variants of the input text:
raw, with stem-ed words, withlemma-tised words,l.&ph. (lemma and phrase
together),POS(disambiguation in terms ofPOS. Column 9,phrase only, gives
results when only multi-word phrases and named entities areused as features.
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6 Discussion

The most interesting observations are:
1. The choice of weighting scheme is among the most importantfactors.

When the appropriate combination ofLWF*GWF is used (1*3, 1*5, 0*3, 0*5),
other factors such asstopwords removalandLSAdimensionality reduction, be-
come almost irrelevant.

2. Stemming and lemmatisation are almost equally good for the highly in-
flectional Bulgarian language.

3. For the best performing combination ofLWF*GWF (1*3 and 1*5)the def-
inition of word becomes irrelevant. Note that this might be due to the particular
task (text categorisation), and may not hold forIR in general. Thus, more tests
with respect to a variety ofIR related tasks are needed. However, if we look at
the worse weighting schemes in Table 1, e.g.,GWF f0,1,2g andstopwords kept,
we can see that stemming delivers up to 26% improvement. Thissuggests it
could still be important but its contribution could just have been obscured by the
impact of weighting. This hypothesis though fails forSet15: as Table 2 shows,
the impact of stemming is less than 1% in case of 1*3 and 1*5 (see the orig-
inal space and theLSA dimensionality of 100; 100 is among the most popular
dimensionalities and proved to be among the best performingon Set15).

4. The stopwords removal makes a really dramatic differencebut only when
GWF 2 f0; 1; 2g. When the best weighting schemes are used (1*3 or 1*5), its
impact is less than 1.5%.

5. With the exception of 1*3 and 1*5, thePOSdisambiguation performs
consistently worse than the other experiments. Even thoughwords with differ-
ent POShave different meanings, these might be close enough (polysemy) so
that it is better to keep them together. This is consistent with the observations
of Krovetz that, while resolving homography is beneficial, disambiguating poly-
semy damages theIR performance (Krovetz 1993).

6. Usingphrases onlyis consistently far worse than stopwords removal.
7. Combining phrases and lemmatisation gives slightly improved results over

lemmatisation only, but these are still almost indistinguishable from the ones
obtained using stemming.

8. LWF= 1 leads to substantial benefits but only whenGWF2 f0; 1; 2g with
stopwords kept. When removed, the impact is insignificant. This is easy to ex-
plain: the stopwords are the most frequent words and the logarithmic weighting
(LWF= 1) makes a big difference mostly for them.

9. Changing the number of neighboursk in kNN leads to improvement but
only unless an appropriate GWF is used (e.g., 3 or 5). In the latter case the results
are already fairly good for 1-NN, so there is no much space forimprovement left.
While k = 10 was among the best performing values forSet4, for the bigger
Set15we obtain a consistent improvement ask grows from 1 up to 40.
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L GLSA STOPWORDS KEPT phrase STOPWORDS REMOVED
WW dim raw stem lemma l.&ph. POS only raw stem lemma l.&ph. POS
F F
0 0 10 78 88 84 85 69 83 92 92 96 96 86
0 0 20 82 85 85 85 81 82 92 98 99 99 89
0 0 40 85 86 86 86 85 83 96 100 98 99 92
0 0 orig. 74 89 85 85 72 37 96 96 98 99 91
0 1 10 76 89 81 84 70 83 96 98 96 97 89
0 1 20 85 87 86 86 80 83 95 99 98 98 88
0 1 40 81 89 85 84 77 83 95 98 98 98 93
0 1 orig. 61 87 85 84 66 34 96 96 98 99 91
0 2 10 55 61 65 64 56 81 92 94 93 95 82
0 2 20 56 66 70 70 59 83 92 95 93 95 84
0 2 40 58 67 70 71 59 84 92 98 98 98 86
0 2 orig. 57 68 72 72 59 37 93 98 98 98 86
0 3 10 95 98 99 99 89 83 97 98 99 99 94
0 3 20 96 100 100 100 96 83 99 99 99 99 96
0 3 40 92 99 99 100 94 84 99 100 100 100 97
0 3 orig. 92 98 96 97 91 37 99 100 100 100 98
0 5 10 97 98 99 99 92 84 96 99 99 99 92
0 5 20 98 100 99 99 96 83 98 100 100 100 96
0 5 40 98 100 100 99 96 84 98 100 100 100 96
0 5 orig. 96 100 99 100 94 35 99 100 100 100 96
1 0 10 96 95 96 96 93 82 94 96 97 97 95
1 0 20 90 97 97 97 92 83 98 100 100 100 96
1 0 40 92 96 96 96 88 84 96 98 99 99 96
1 0 orig. 90 94 95 95 90 33 96 98 99 99 96
1 1 10 92 96 96 97 90 83 96 98 97 97 94
1 1 20 89 94 93 94 88 83 93 96 99 99 96
1 1 40 81 89 88 88 83 83 95 94 95 96 96
1 1 orig. 62 85 90 90 80 35 95 92 96 97 88
1 2 10 84 89 88 89 74 81 93 96 96 96 89
1 2 20 87 88 88 89 76 83 94 98 96 96 88
1 2 40 82 88 88 88 77 84 93 98 97 97 88
1 2 orig. 82 93 92 92 82 40 96 98 98 98 91
1 3 10 97 99 99 100 98 83 99 99 99 99 99
1 3 20 99 99 99 99 98 83 98 99 99 99 99
1 3 40 99 99 99 99 99 84 99 100 99 99 99
1 3 orig. 98 100 99 100 97 35 99 100 100 100 99
1 5 10 98 99 99 99 99 83 99 99 99 99 99
1 5 20 99 99 99 99 99 83 98 99 99 99 99
1 5 40 99 99 99 99 99 84 99 100 99 99 98
1 5 orig. 98 100 100 100 99 37 99 100 100 100 100

Table 1:Set4� micro-averaging categorisation accuracy for 1-NN

10. ForSet15, stemming is beneficial, but the stop-words removal has an
even bigger impact. This is not obvious from Table 1 as the values are too
close to 100.00%. However, the most important parameter remains the weight-
ing scheme: when GWF2 f3; 5g the impact of stemming, stop-words removal
and even of LWF is limited.

11. The categories count is another important parameter: going from 4 to 15
categories lowers the best accuracy forraw wordsandstemmingfrom 100.00%
(Table 1) to 75.50% and 76.35% (Table 2).

12. It is interesting to compare the original vector space and the reduced LSA
one. These are often comparable (almost equal for e.g., 1*3 and 1*5) but some-
times there are bigger differences, e.g., for 0*1, stop-words kept, raw words:
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61.42% vs. 85.04% (LSA dim. 20). The impact is even more dramatic for
phrase onlyexperiments: for any combination of LWF*GWF the performance of
LSA (for all dimensionality reductions listed) is more thantwice the performance
without dimensionality reduction: e.g., 33.86% vs. 84.25%. This is explained
by the fact that the average number of multi-word phrases perdocument is very
limited, and thus the documents share very few of them, whichis not enough
to judge similarity in a reliable way. When using LSA though,the projected
space contains a summary of the co-occurrences as well as some transitive im-
plications, observed globally across documents. So, even though the LSA vector
dimensions are much fewer, they contain much less zero components and thus
discriminate better. A similar effect (with a similar explanation) is observed for
the raw text without stop-words removal, where LSA proves consistently better
(especially for 0*1 and 1*1) for all dimensionality reductions.

L G LSA Stopwords kept Stopwords removed
W W dim raw text stemmed raw text stemmed
F F
0 0 20 41.45% 50.14% 60.83% 62.68%
0 0 100 50.00% 59.54% 66.67% 70.66%
0 0 orig. 45.73% 58.55% 69.94% 72.79%
0 1 20 40.17% 51.99% 61.54% 62.25%
0 1 100 46.87% 57.12% 65.95% 71.08%
0 1 orig. 45.58% 58.12% 69.94% 72.93%
0 2 20 26.07% 27.64% 49.86% 58.26%
0 2 100 26.78% 28.63% 60.97% 67.09%
0 2 orig. 27.49% 29.91% 66.10% 70.94%
0 3 20 62.39% 64.67% 68.09% 69.94%
0 3 100 69.09% 73.08% 73.22% 75.21%
0 3 orig. 71.37% 74.36% 75.21% 75.78%
0 5 20 65.53% 69.23% 66.67% 70.23%
0 5 100 72.36% 75.93% 74.07% 76.35%
0 5 orig. 73.79% 75.50% 75.50% 75.93%
1 0 20 60.68% 65.81% 63.96% 66.95%
1 0 100 64.81% 69.37% 71.37% 71.79%
1 0 orig. 69.23% 71.79% 71.37% 72.93%
1 1 20 59.12% 64.10% 64.81% 65.95%
1 1 100 60.40% 66.24% 54.27% 67.38%
1 1 orig. 66.67% 71.79% 71.23% 72.79%
1 2 20 38.46% 50.14% 62.54% 65.67%
1 2 100 47.15% 58.12% 66.81% 71.51%
1 2 orig. 50.28% 60.83% 70.94% 73.22%
1 3 20 68.52% 69.23% 68.66% 69.52%
1 3 100 72.93% 74.07% 74.36% 73.79%
1 3 orig. 72.51% 72.93% 72.22% 73.22%
1 5 20 68.66% 70.66% 68.80% 71.08%
1 5 100 73.36% 75.21% 74.36% 74.93%
1 5 orig. 72.79% 73.08% 72.51% 73.08%

Table 2:Set15� micro-averaging categorisation accuracy for 10-NN

7 Conclusions and future work

Some earlier research on the impact of the linguistically motivated text indexing
on IR performance shows that a better word pre-processing is not necessarily
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needed for effective retrieval, see (Spark-Jones 1999). Itis not clear whether this
is due to the weakness of the linguistic analysis, which still does not produce a
semantically motivated concept-based representation, orthe linguistic analysis
as such is not quite relevant for text classification (Peng etal. 2003). The cur-
rent work allows us to gain important insights regarding theneed and the role of
the linguistic pre-processing (at least for Slavonic languages). Our experiments
show that while the definition of word influences theLSA performance, the tradi-
tional IR factors are even more important. It is worth mentioning though that the
feature engineering is both language- and task-dependent:e.g., the stopwords
may be among the best features for other text categorisationtasks, e.g., language
identification or authorship attribution. In the latter case, other features, like
linguistic style markers, are usually even more important.

Our experiments show that the word definition becomes almostirrelevant
once we stick to topic identification, limit ourselves to thebag-of-words model,
work with only few well-separated categories (Set4) and use the best weighting
schemes (e.g., 1*3 and 1*5). In case of more and less distinguished classes
(Set15) both stopwords removal and stemming become important (although still
far less than the weighting scheme). More experiments are needed to study the
impact of lemmatisation, phrases andPOSdisambiguation in the latter case.

Our future plans include evaluation of the impact of lemmatisation, phrases
andPOSdisambiguation onSet15and bigger collections, which would make our
experiments and results more complete. It would be also interesting to try using
word senses(e.g., with respect to some semantic network) instead of thewords
themselves, but the bad performance of thePOSdisambiguation above leaves us
sceptical. Another reason for scepticism are the negative results already obtained
for English: using WordNet senses did not lead to a significant improvement on
theAnnotated Brown Corpus(Kehagias et al. 2001). The problem with the latter
work (as well as with thePOSdisambiguation above) though, may be that, in
addition tohomonymy, thepolysemyhas also been addressed. This is just the
contrary to what stemming does. Two other important parameters are missing
from our study:choice of similarity measureand feature selection. Both have
been found important for text categorisation. It is also worth trying other classi-
fiers, e.g., Rocchio, Naive Bayes, decision trees etc.

Finally, we would like to consider otherIR tasks in an attempt to better under-
stand whether the appropriate word definition is more important for the classic
IR than for text topic identification. This would also allow us to perform a com-
parison with a recent work by Peng et al. (2003), who show thatusing simple
language- and task-independent character-level (as opposed to word-level) mod-
els can achieve state of the art results on a variety of text classification tasks.
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Abstract

Cross-lingual Document Similarity calculation (CLDS) is useful for the
navigation of large multilingual document collections andfor clustering
and classifying documents together independently of theirlanguage. We
achieveCLDS by mapping documents onto the multilingual EUROVOC
thesaurus, which will soon exist in 21 languages, and by representing each
document in this multilingual vector space so that the similarity of texts
written in different languages can be calculated. An evaluation showed
that the system successfully identifies document translations in a large text
collection. To adapt the method to the analysis of large multilingual news
collections, we combined the mapping with cluster analysisand named
entity recognition.

1 Introduction and motivation

In recent years, companies and academia have developed a large number of mul-
tilingual text analysis tools. The number of existingcross-lingualapplications,
however, is very limited.Cross-lingual applications establish links between texts
written in different languages or give information in one language on a text
written in another language. Most cross-lingual efforts are currently spent on
Machine Translation and Cross-lingual Information Retrieval (CLIR), i.e., mul-
tilingual retrieval of documents following a monolingual search. As the need to
access and analyse multilingual document collections in the European Commis-
sion (EC) is high, theEC’s Joint Research Centre (JRC) has worked on another
type of cross-lingual application:Cross-Lingual Document Similarity(CLDS)
calculation. It allows to establish, for any given documentpair written in any
of the eleven official languages of the European Union (EU), to what extent the
two documents are similar. Two texts that are translations of each other have a
very high similarity; two documents about the same subject can automatically be
identified as being similar, and two texts talking about completely different sub-
ject areas are recognised by showing a very lowCLDS value. Similarity values
do not differ significantly for texts written in the same or indifferent languages.
A look at the activities of theCross-Lingual Evaluation Forum(Peters 2003)
shows that, outside theJRC, CLDS is not an active research area.

CLDS can be used for several purposes: Users that have identified an inter-
esting document may want to read more documents about the same subject area.
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They may be particularly interested in reading informationabout the same sub-
ject or event indifferentlanguages, for instance when analysing the news report-
ing in different countries about the same subject. In another setting, the aim may
be to identify similar texts in order toavoid reading more texts about a known
subject so as to concentrate on documents coveringothersubjects.CLDS can also
be used for multilingual document clustering, i.e., grouping of similar documents
written in different languages, or for multilingual document classification, i.e.,
assigning documents written in different languages to the same content classes.

Our approach toCLDS is based on the automatic mapping of documents onto
the fine-grained multilingual classification scheme EUROVOC (Eurovoc 1995),
which is used by many parliamentary documentation centres in Europe. The
mapping process onto the several thousand EUROVOC classes, which was de-
scribed in detail in Pouliquen et al. (2003a), consists of identifying a ranked list
of the 100 most pertinent content classes (descriptors). Inorder to identify the
best descriptors to represent document contents, we devised an associative sys-
temthat learns large lists of words that are associated to each descriptor term
from a training collection of texts to which descriptors hadbeen assigned manu-
ally by professional library indexers.A large overlap of a descriptor’s associated
words and the words of a text indicates that the descriptor isof some relevance
to the text.

Section 2 discusses related work. Section 3 briefly describes the EUROVOC
thesaurus and summarises the mapping process, as well as thechallenges we
had to face. Sections 4 and 5 provide details on the way we calculate CLDS

and describe how we applyCLDS to allow users to navigate a large multilingual
collection of news articles. Section 6 points to future work.

2 Related work
The translation of a document should ideally be the most similar document to
a given one. In Pouliquen et al. (2003b), we therefore testCLDS by verifying
whether the system successfully identifies the translationof a given document
as the most similar one amongst up to 1600 different documents. In the same
publication, we refer to a number of different approaches toidentify document
translations. However, unlike our own more semantically oriented approach,
these mainly use information such as formatting features, paragraph length in-
formation,HTML anchors, etc. These approaches are thus restricted to the iden-
tification of translations and are not suitable forCLDS calculation.

We are aware of one approach that can be used forCLDS calculation: Lan-
dauer & Littman (1991) applied cross-lingualLatent Semantic Indexing(LSI) to
text segments, i.e., smaller parts of a text. The basic function of cross-lingual
LSI is to analyse a training set of parallel texts statisticallyto derive a common
vector space representation scheme for all the words in the bilingual sample.
Each piece of text in either of the two languages can then be represented using
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this same bilingual vector space so that a cosine similarityscore can be calcu-
lated for each document pair in these two languages. In Landauer & Littman’s
evaluation on a collection of 1,582 English-French parallel text paragraphs, the
average similarity of the translation pairs was 0.78. Theirsystem managed to
find the French translation as the most similar text to a givenEnglish paragraph
in 92% of all cases (92% precision), which is a good result. Although theLSI ap-
proach is rather different from our thesaurus-based one, the results achieved are
very similar to the ones we achieved. The advantage of Landauer & Littman’s
approach is that their system can theoretically be trained for any language pair or
set of languages, while our own is limited to the languages for which EUROVOC

and pre-indexed training material exists. The advantage ofour own approach
is that it is more modular and that no language-pair specific training is required
because EUROVOC provides the link between the languages once the descriptors
have been assigned. This is particularly important in our case, as we currently
work with eleven languages (55 language pair combinations!) and are aiming
to cover all 21 future official languages of the European Union(210 language
pair combinations!). Landauer & Littman’s approach needs retraining each time
a language is added or the training set changes. Another advantage of our ap-
proach is that the representation of texts by their most appropriate EUROVOC

descriptors fulfils many more uses thanCLDS calculation. These include subject-
specific summarisation, conceptual and cross-lingual indexing for human users,
and automatic annotation of documents for the Semantic Web (Pouliquen et al.
2003a).

3 Mapping documents to the EUROVOC thesaurus

EUROVOC is a hierarchically organised controlled vocabularythat was developed
and is used by the European Parliament and many other national and interna-
tional organisations in and outside the European Union (EU), for the classifica-
tion, search and retrievalof their large multilingual document collections (Eu-
rovoc 1995). Currently, the cataloguingis a manual (intellectual) process that
requires 15 to 20 minutes per document. EUROVOC is currently available in the
eleven officialEU languages, with an additional ten language versions in prepa-
ration. Its 6075 descriptor terms are organised into 21 fields and hierarchically
structured with a maximum depth of eight levels. Available relations are broader
terms (BT), narrower terms (NT) and related terms (RT). Due to its wide cov-
erage represented by the relatively small number of descriptors, the descriptor
terms are mostly rather abstract multi-word expressionsthat are unlikely to be
found verbatim in the texts. EUROVOC examples arePROTECTION OF MINORI-
TIES; FISHERY MANAGEMENT andCONSTRUCTION AND TOWN PLANNING.

The procedure of mapping texts written in different languages automatically
onto the multilingual EUROVOC thesaurus is described in detail in
Pouliquen et al. (2003a) so that this process will only be sketched here. It is
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not possible to base an automatic EUROVOC thesaurus descriptor assignmenton
the actual occurrence of the descriptor text in the documentbecause the lexi-
cal evidence is weak and even misleading: The descriptor text occurs explicitly
in only 31% of documents manually indexed with this descriptor. On the other
hand, in approximately nine out of ten documents, the descriptor text is present
explicitly even though the descriptor itself had not been assigned manually. Bas-
ing the assignment on the presence of the descriptor text in the document thus
leads to low recall(31%) and precision(7%) values.

For this reason, we have taken another, fuzzy approach. For each descriptor,
we automatically produce its profile, i.e., a ranked set of words that are statisti-
cally related to the descriptor, so that we have more lexicalevidenceat hand that
indicates that a certain descriptor should be assigned to a text. As these words
are statistically, but not always semantically related, werefer to these pertinent
words as descriptorassociates.We produce these associate lists on the basis of a
large collection of manually indexed documents (thetraining set), by comparing
the word frequencies in the subset of texts that have been indexed manually with
a certain descriptor with the word frequencies in the whole training set. For the
comparison, we use a combination of Dunning’s statistical log-likelihood test (or
G2) to reduce the number of words to be considered (dimensionality reduction)
with filters and variousIDF (Inverse Document Frequency) weightings (Salton
& Buckley 1988). This method automatically produces lists of typical words for
each descriptor and information on the degree with which these words are typical
(their weight). The 16 most important associates for the descriptor WILD LIFE ,
for instance, are: wildfauna 15; flora 14; wildbird 11; wild animal 10; natu-
ral habitat 9; wildlife 9; endangerspecies 8; species 6; conservation 6; wild 6;
fur 5; humanetrap 5; specimen 5; trap 5; trapping 5; repopulation 5. Associate
lists are between 10 and 400 words long.

Before applying any statistical procedures, we carry out some minimal lin-
guistic pre-processingin order to normalise all texts: We lemmatisetexts so as
to work only with base word forms, and we mark up the most frequent com-
poundsin our training set. There is also a large list of stop words, i.e., words that
should never be associates because they are not meaningful.

When we want to index a new text automatically with EUROVOC descriptors,
we make a statistical comparison of the frequency list of itslemmas with the as-
sociate lists of all descriptors to check which associate lists are most similar to
the text’s lemma list. The most similar associate lists, according to some statisti-
cal similarity measure, indicate the most appropriate descriptor terms. The result
is thus a long ranked list of EUROVOC descriptors assigned to this document.
Typically, we keep the highest-ranking 100 descriptors. The example in Table 1
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Rank Descriptor Cosine
1 VETERANARY LEGISLATION 42.4%
2 PUBLIC HEALTH 37.1%
3 VETERANARY INSPECTION 36.6%
4 FOOD CONTROL 35.6%
5 FOOD INSPECTION 34.8%
6 AUSTRIA 29.5%
7 VETERANARY PRODUCT 28.9%
8 COMMUNITY CONTROL 28.4%

Table 1:Assignment results (top 8 descriptors) for ‘Food and Vetenary Office
Mission to Austria’ web document

shows the assignment results of a document found on the internet.1

To speak with text classification terminology (Sebastiani 1999), the mapping
of texts onto the EUROVOC thesaurus is a category ranking classification task
using a machine learning approach, where an inductive processbuilds a profile-
based classifier by observing the manual classification on a training set of doc-
uments with only positive examples.For each EUROVOC descriptor, we built a
category profile consisting of a set of lemmas and their weight. Unlike usual
classifiers, the system does not decide against the appropriateness of a class.
Instead, it produces long ranked lists of more or less relevant classes for each
document. This representation is more suitable for document similarity calcula-
tion.

Specific challenges of the EUROVOC assignment task are: (1) the training
documents are multiply classified; (2) due to some frequent descriptor combi-
nations in the training material (e.g.,MAURITANIA andFISHERY AGREEMENT),
it is at times very difficult to establish different profiles for such descriptors;
(3) the amount of training material for the various descriptors is extremely un-
even, ranging from 0 and 2964 training documents per descriptor with an average
of 73 documents per descriptor and a standard deviation of 181; (4) for most de-
scriptors, the training set contains only a few positive examples, whereas there
are about 30000 negative examples,i.e., all documents thatwerenot indexed with
the descriptor; (5) the descriptor usage distribution is uneven over the different
text types of the training collection so that text type-specific features interfere
with content features.

According to Sebastiani (1999), the k-nearest-neighbour (KNN) approach
tends to produce best document classification results. Although we have not
tried this approach, it does not seem computationally viable to apply it to our
training set of over thirty thousand documents, and we doubtthat it would be
the most appropriate technique for our multi-class categorisation problem. Un-
published experiments in which we trained Support Vector Machines (SVMs)1 http://europa.eu.int/comm/food/fs/inspections/vi/re ports/

austria/vi rep oste 1074-1999 en.html
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with our data (one classifier per EUROVOC descriptor) produced rather bad re-
sults. However, first results in ongoing experiments on using SVM classifiers
to eliminate wrong hits in the list of EUROVOC descriptors produced with the
method described in Pouliquen et al. (2003a) are very promising. The method
used is language-independent.It has been applied to all eleven official EU lan-
guages with very similar results, but the parameter settings have currently only
been optimised for English and Spanish, and to a lesser degree for French. We
hope to soon be able to map documents in some of theEU’s new languages to
EUROVOC.

The system was trained on 30231 texts and it was evaluated on acomple-
mentary test set of 590 representative, but randomly chosentexts. The descrip-
tor assignment was evaluated against the annotation of two separate indexing
professionals. The precision achieved for the eight highest-ranking descriptors
assigned automatically (eight was the average number of descriptors assigned
manually) was 67% (F-measure=65). This is 86% as good as the inter-annotator
agreement of 78% (67/78=86%).

4 Calculation of cross-lingual document similarity

Each EUROVOC descriptor is identified by a numerical code and has one-to-one
translations into the various languages. Texts can be represented as a vector
consisting of the EUROVOC descriptor codes assigned to them and their assign-
ment score. Two texts can then be compared with each other by calculating the
cosine similarity between the two descriptor vectors. The higher the similarity
value, the more similar the texts. The similarity measure for documents is the
same, independent of the document languages. Table 2 shows the words (the
associates) found in the news clusters in all five languages that triggered the EU-
ROVOC descriptorPOLITICAL COOPERATION. This descriptor was one of the
most important descriptors out of many that helped to identify the related news
clusters across the five languages.

The performanceof theCLDS was tested on a parallel corpus of 820 English-
Spanish document pairs. The task was to search for the most similar Spanish
document for each English document. If the translation was automatically iden-
tified as the most similar document, the experiment was considered successful,
otherwise it was a failure. The experiments, which were described in detail in
Pouliquen et al. (2003b), showed that the system successfully identifies the trans-
lation within the search space of 820 documents in over 90% ofall cases. When
also using document length as a feature, the performance goes up to 97%. Perfor-
mance drops to 77% in a bilingual search space (searching forthe most similar
document among the Spanishand the English documents) because the average
document similarity between the translation pairs is 0.83,i.e., significantly be-
low 1. However, we were able to fully recover the performanceby punishing
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GERMAN ENGLISH SPANISH FRENCH ITALIAN

irak nato otan irak nesuna
g8 summit irak moyen ruolo
gipfel chirac alianza g8 intesa
nato iraq atlántica orient nato
rolle united cumbre réformes g8
island debt implicación dette rimandata
sea middle miembros région popolo
präsident iraqi funcionario pays iraq
us g8 rusia divergences iracheno
einsatz syria chirac dirigeants incontro
initiative east iraquı́ partenariat georgia
schulden democracy polonia sommet accordo
staats countries francia soutien presidente
. . . . . . . . . . . . . . .

Table 2:Lists of associates found in the news clusters of Figure 1 that triggered
theEUROVOCdescriptorPOLITICAL COOPERATION

the monolingual document similarity score with the multiplication factor 0.83.
TheCLDS results are thus clearly much better than the EUROVOC descriptor as-
signment results themselves, even though theCLDS is based on the automatically
assigned descriptors. The reason presumably is that assignment consistency is
more important than assignment accuracy.

5 Application to multilingual news analysis

We applied theCLDS calculation method to automatically establish links between
news articles in the five languages English, German, French,Spanish and Italian
of a large in-house collection of newspaper articles and news wires. The collec-
tion was compiled by theJRC’s Europe Media Monitorsystem (EMM; Best et al.
2002), which gathers about 15000 news items per day (of whichabout 3000 writ-
ten in English) in currently fifteen languages. TheCLDS evaluation in Pouliquen
et al. (2003b) shows thatCLDS performance is best for the type of documents
on which the system has been trained, and that it decreases with the degree in
which the text corpus differs from the training corpus. We donot have access
to a parallel corpus of news articles to carry out a quantitative test on this text
genre, but an intuitive evaluation of descriptor assignment results to individual
news articles showed that EUROVOC indexing for news items is much less suc-
cessful. The reasons for this may either be that the news articles are too short to
give enough lexical evidence on which to base the assignment, or the vocabulary
used in news reporting differs too much from that of the parliamentary and legal
training texts. To overcome this text genre problem, we madetwo changes to
the original task of establishing cross-lingual links between news items: (1) We
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additionally use named entities in theCLDS process and (2) we applyCLDS to
clustersof news items rather than individual news feeds.
Using named entities (references in text to people, geographical places, organi-
sations, etc.) was shown to be useful to improve the results of CLIR (Friburger &
Maurel 2002). The relevance of named entities is particularly important for news
analysis,as was shown by Clifton et al. (1999), whose (monolingual English)
TopCat system identifies the major news topics of the day, based exclusively
on named entities. We do not have access to general named entity recognition
software, but we do have an in-house system to automaticallyidentify and dis-
ambiguate references to geographical place names(Ignat etal. 2003, Pouliquen
et al. 2004). In our currentCLDS approach for news items, similarity based on
geographical references contributes with a weight of one third, whileCLDS based
on EUROVOC descriptor assignment weighs two thirds.

keywords: nato bush yawer summit (18 articles from 10 newspapers)
10/06/2004 05:22 NEWScomAU: World leaders wrap up G8 summit
Gardian Unity Masks Discord Between U.S., Europe
UsaToday Greater role for NATO sought SEA ISLAND, Ga. – Seeking to build on rare harmony
CBSnews G8 Summit: Smiles & Splits
Aljazeera-en Chirac blocks Bush on NATO role in Iraq
GlasgowHerald Chirac snubs wider NATO role in Iraq
CBSnews Bush Not Counting On NATO Troops
. . .
Jacques Chirac[14], Jiro Okuyama[6], Ghazi al-Yawer[5], Junichiro Koizumi[6]
Recep Tayyip Erdogan[6], Tony Blair[5], George W. Bush[5], Gerhard Schroeder[5]� 68% in Spanish Chirac condiciona la imlicación de la OTAN en Irak . . .� 51% in French Divergences au G8 malgré le soutien aux réformes au Moyen-Orient� 68% in German Streit beim G8-Gipfel über Irak-Politik� 64% in Italian G8, Bush-Chirac: nessuna intesa su ruolo Nato in Iraq� 85% day - 1 Leaders call for NATO role� 40% day - 4 Bush Looks Past Differences With France� 41% day - 5 Bush Calls Terror ‘Challenge of Our Time’

Figure 1:Automatically identified English news cluster consisting of 18 articles. The
system automatically produces a list of all articles and of person names mentioned in

these articles. The hypertext links show the related clusters of Spanish, French, German
and Italian news, as well as related news published and clustered over the previous days

The clustering of news items according to the discussed event or subject is done
using an agglomerative hierarchical method (Jain & Dubes 1988). We identify
groups of news items by selecting the clusters that have a similarity of 50% or
more in the clustering tree. We furthermore impose that the size of the subtree
has to contain at least 0.6% of all articles in this language,and that the articles
come from at least two different news sources. These thresholdswere chosen in
an empirical refinement process because they group similar articles satisfacto-
rily while doing well at distinguishing news clusters from other similar clusters.
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Thirdly, they produce an average of about ten major news clusters per language
and per day, which is more or less the number of news stories users in the Euro-
pean Commission requested for an automatically generated daily news overview.
Links to the news clusters of the previous or following days are then established
by calculating the similarity of theclustersof each day with each other. For each
cluster, we also identify the centroid and identify the newsarticle that is most
similar to this centroid. Its title can then be used as the title for the cluster and
users can read the chosen article to get informed about the subject, while links
to the other articles of the cluster are available in case users want to read more
about the event (see Figure 1). For each cluster, a mapis automatically generated
to give an overview of the geographical place names mentioned in the whole
cluster (using the methods described in Pouliquen et al. 2004).

Clustering the news of the day in five languages, identifyingthe geographical
references, generating the maps and assigning EUROVOC descriptors currently
takes about one hour on an average desktopPC. Establishing links between the
languages and with the other days of the week is very fast and can be done
online, if needed. There is no obvious quantitative way to evaluate the clustering
and cross-lingual linking process, but from the application and user satisfaction
points of view, the method works very well.

6 Future work

The results of the automatic clustering and the cross-lingual and temporal linking
of news clusters are currently being incorporated with theEMM system (Best
et al. 2002) in order to automatically generate daily news overviews for each
day of the year in each of the languages covered. It is plannedto extend the
effort to all eleven officialEU languages. We would also like to integrate further
named entity recognition tools, because at least datesand names of people or
organisations would contribute valuable clues for news clustering and even for
cross-lingual linking.

The current clustering and cluster-linking system is focusing on themajor
newsof the day, i.e., those news that generated most news items. In a parallel
effort, theJRC’s EMM and Language Technology groups are working onbreak-
ing newsdetection. Breaking news are different from major news in that they are
about new,unexpectedevents, such as a volcano eruption, a sudden flood or a
terrorist attack. Breaking news are in principle identifiable because they should
form a new cluster without any links to previous days. While detecting new clus-
ters for a day is trivial, detecting breaking news for a smaller time window of an
hour or less still represents an unsolved challenge. Establishing links between
breaking news clusters in different languages will help to distinguish interna-
tional breaking news from local or national events.
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Verb Phrase Ellipsis Detection
Using Machine Learning Techniques

LEIF ARDA NIELSEN

King’s College London

Abstract
Although considerable work exists on the subject of ellipsis resolution,
there has been very little empirical, corpus-based work on it. This paper
describes work done on the detection of instances of Verb Phrase Ellipsis,
using machine learning techniques. The goal of the system isto be robust,
accurate and domain-independent.

1 Introduction

Ellipsis is a linguistic phenomenon that has received considerable attention, mostly
focusing on its interpretation. An example of Verb Phrase Ellipsis (VPE)1, which
is detected by the presence of an auxiliary verb without a verb phrase, is seen in
Example 1.

(1) John read the paper before Bill did.

Insight has been gained through work aimed at discerning theprocedures and the
level of language processing at which ellipsis resolution takes place. Such work
has generally resulted in two views: syntactic (Fiengo & May1994, Lappin &
McCord 1990, Lappin 1993, Gregory & Lappin 1997) and semantic (Dalrymple
et al. 1991, Kehler 1993, Shieber et al. 1996). Both views have their strengths
and weaknesses, but they have so far not been validated usinga corpus based,
empirical approach, meaning that their actual performanceis unknown. Further-
more, while these approaches take difficult cases into account, they do not deal
with noisy or missing input, which is unavoidable in realNLP applications. They
also do not allow for focusing on specific domains or applications, or different
languages. It therefore becomes clear that a robust, trainable approach is needed.

Furthermore, they usually do not deal with the detection of elliptical sen-
tences or the identification of the antecedent and elided clauses within them,
but take them as given, concentrating instead on the resolution of ambiguous or
difficult cases.
This paper describes the work done at the stage of the detection of elliptical
verbs. After a heuristic baseline is built, a number of machine learning algo-
rithms are used to achieve higher performance.1 We have chosen to concentrate on VP ellipsis due to the fact that it is far more common than

other forms of ellipsis, but pseudo-gapping has also been included due to the similarity of its
resolution toVPE (Lappin 1996).
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2 Detection of elided VPEs

2.1 Previous work

The only empirical experiment done for this task to date, to our knowledge, is
Hardt’s (1997) algorithm for detectingVPE in the Penn Treebank. It achieves
precision levels of 44% and recall of 53%, giving an F1 of 48% using a simple
search technique, which relies on the annotation having identified empty expres-
sions correctly. It should be noted that while Hardt’s results are low, this is to
be expected as his search in the Treebank is achieved by looking for a simple
pattern: (VP (-NONE- *?*)). Such low performance can lead to incorrect conclu-
sions being drawn through analysis, so it becomes clear thatan initial stage with
higher performance is necessary.

2.2 Experimental method and data

The British National Corpus (BNC) will be the corpus used for initial exper-
iments. The gold standard was derived by marking the position in sentences
where an elided verb occurs2. The performance of the methods is calculated
using recall, precision and the F1-measure3.

A range of sections of theBNC, containing around 370k words4 with 712
samples ofVPE was used as training data. The separate test data consists of
around 74k words5 with 215 samples ofVPE. The sections chosen from the
BNC are all written text, and consist of extracts from novels, autobiographies,
scientific journals and plays. The average frequency ofVPE occurrences for the
whole data is about once every 480 words, or once every 32 sentences.2 Currently only one annotator is available, but this will be remedied as soon as possible.3 Precision and recall are defined as :Re
all = No(correct ellipses found)No(all ellipses in test) (1)Pre
ision = No(correct ellipses found)No(all ellipses found) (2)

The F1 provides a measure that combines these two at a 1/1 ratio.F1 = 2� Pre
ision�Re
allP re
ision+Re
all (3)4 Sections CS6, A2U, J25, FU6, H7F, HA3, A19, A0P, G1A, EWC, FNS, C8T5 Sections EDJ and FR3.
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2.3 Baseline approach

A simple heuristic approach was developed to form a baseline. The method takes
all auxiliaries as possible candidates and then eliminatesthem using local syntac-
tic information in a very simple way. It searches forwards within a short range
of words, and if it encounters any other verbs, adjectives, nouns, prepositions,
pronouns or numbers, classifies the auxiliary as not elliptical. It also does a short
backwards search for verbs. The forward search looks 7 wordsahead and the
backwards search 3. Both skip ‘asides’, which are taken to besnippets between
commas without verbs in them, such as : “... papers do, however, show ...”.

The algorithm was optimized on the development data, and achieves recall
of 89.60% and precision of 42.14%, giving an F1 of 57.32%. On the test data,
recall is 89.30%, precision 42.76%, and F1 57.82%.

2.4 Transformation-based learning

As the precision of the baseline method is not acceptable, wedecided to inves-
tigate the use of machine learning techniques. Transformation based learning
(Brill 1995) was chosen as it is very flexible and a powerful learning algorithm.

Generating the training samples is straightforward for this task. We trained
the�-TBL system6 (Lager 1999) using the words andPOS tags fromBNC as our
‘initial guess’. For the gold standard we replaced the tags of verbs which are
elliptical with a new tag, ‘VPE’.

2.4.1 Generating the rule templates

The learning algorithm needs to have the rule templates in which it can search
specified. A combination of templates, with permutations ofsingle or groups of
tags in the 3 word neighbourhood were used. We would have liked to use larger
contexts, and finer permutations, but the number of permutations gets too large
for the learning algorithm, which runs out of memory.

The results seen in Table 1 are obtained, where the thresholdis the value new
rules need to satisfy in number of improvements, or the algorithm stops learning.
Lower thresholds mean more rules are learned, but also increases the likelihood
of spurious rules being learned, i.e. recall increases, butat a cost to precision.

Threshold Recall Precision F1
5 50.93 79.56 62.11
3 62.15 75.56 68.20

Table 1:Results for initial transformation based learning6 Downloadable fromhttp://www.ling.gu.se/ �lager/mutbl.html
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2.4.2 POS grouping

Despite the fact that the training data consists of 370k words, there are only
around 700 elided verbs in it. The scarceness of the data limits the perfor-
mance of the learner, so a form of smoothing which can be incorporated into
the transformation based learning model is needed. To achieve this, auxiliaries
were grouped into subcategories of ‘VBX ’, ‘ VDX ’ and ‘VHX ’, where ‘VBX ’ gen-
eralises over ‘VBB’, ‘ VBD ’ etc. to cover all forms of the verb ‘be’; ‘VHX ’ gener-
alises over the verb ‘have’ and ‘VDX ’ over the verb ‘do’.

The results of this grouping on performance are seen in table2. It is seen that
both precision and recall are increased, with F1 increasingby more than 5%. It
may be noted that modifying the rules learned does not changethe recall for this
experiment, but this is a coincidence; while the numbers arethe same, there are
differences in the samples of ellipses found.

Threshold Recall Precision F1
5 68.22 82.02 74.49
5 68.22 79.78 73.55
3 68.69 79.03 73.50
3 68.69 76.56 72.41

Table 2:Results for partially grouped transformation based learning

To further alleviate the data scarcity, we then grouped all auxiliaries to a
single POS category, ‘VPX’. The results of this grouping on performance are
seen in Table 3. It is seen that both precision and recall are increased, with F1
increasing by more than 8%. These experiments suggest that for the task at hand,
the initial POStag distinctions are too fine grained, and the system benefitsfrom
the smoothing achieved by grouping.

Threshold Recall Precision F1
5 69.63 85.14 76.61
3 71.03 82.61 76.38

Table 3:Results for grouped transformation based learning

The top 5 rules learned after this grouping are seen in Table 4. The first column
shows the score of the rule, which is how many corrections it made to resem-
ble the gold standard more. The second column is which tags itchanges, and
the third column what tag it changes them into. The last column indicates the
conditions for the rule to be applied. The rules which are learned by the system
are quite simple, such as ‘[He laughed], did/didn’t he ?’ (rule 1/2), ‘[He] did so’
(rule 5).
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Rank Score Change to if
1 150 VPX VPE tag[1]=XX0 and tag[2]=PNP and wd[-1]=,
2 130 VPX VPE tag[1]=PNP and tag[2]=PUN and wd[-1]=,
3 86 VPX VPE tag[1]=XX0 and tag[2]=PUN and wd[1]=nt
4 64 VPX VPE tag[-1]=PNP and wd[1]=.
5 36 VPX VPE tag[1]=AV0 and tag[2]=PUN and wd[1]=so

Table 4:Top 5 rules learned by further grouped transformation basedlearning

2.5 Maximum entropy modelling

Maximum entropy modelling uses features, which can be complex, to provide
a statistical model of the observed data which has the highest possible entropy,
such that no assumptions about the data are made. These models differ from
the transformation based learning algorithm described in section 2.4 in that a
probability is returned as opposed to a binary outcome, and do not produce easily
readable rules likeTBL. Ratnaparkhi (1998) makes a strong argument for the use
of maximum entropy models, and demonstrates their use in a variety of NLP

tasks. The OpenNLP Maximum Entropy package7 was used for the experiments.

2.5.1 Feature selection

The training data for the algorithm consists of each verb in the corpus, itsPOS

tag, the words andPOStags of its neighbourhood, and finally a true/false attribute
to signify whether it is elliptical or not.

Experiments with different amounts of forward/backward context give the
results seen in Table 5. The threshold for accepting the results for a potential
VPE were set to 0.2, or 20%; this value was determined by examining results.

Context size Recall Precision F1
2 76.16 53.79 63.05
3 72.43 61.26 66.38
4 64.48 60.00 62.16

Table 5:Results for maximum entropy learning

The results show that for larger contexts the algorithm runsinto problems. This
is due to the fact that the contexts do not allow for the kind ofgeneralization
available to transformation based learning.7 Downloadable fromhttps://sourceforge.net/projects/maxent/
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2.5.2 Thresholding

Setting the forward/backward context size to 3, experiments are run to determine
the correct setting for the threshold. This value is used to determine at what level
of confidence from the model a verb should be considered aVPE.

Context size Recall Precision F1
0.10 78.50 47.86 59.46
0.15 76.16 54.88 63.79
0.20 72.43 61.26 66.38
0.25 68.22 65.17 66.66
0.30 63.08 67.16 65.06
0.35 59.34 70.16 64.30
0.40 57.00 71.76 63.54
0.45 52.80 73.85 61.58
0.50 49.53 74.64 59.55

Table 6:Effects of thresholding on maximum entropy learning

With higher thresholds, recall decreases as expected, while precision increases.
F1 peaks at 0.25, which is close to the initial guess of 0.2. The fact that this
value is so low is expected to be due to the size of the corpus. For subsequent
experiments, a threshold of 0.2 will be retained, for comparison purposes, and
because its results are very close to those of 0.25.

2.5.3 POS grouping

Using the same principles for smoothing introduced in section 2.4.2, the effects
of category grouping are investigated, with the results seen in Table 7 for fully
grouped data.

Context size Recall Precision F1
2 77.57 55.14 64.46
3 76.16 65.72 70.56
4 67.28 64.00 65.60

Table 7:Results for grouped maximum entropy

It is interesting to note that the effect of grouping for maximum entropy is less
than that for transformation based learning; 4% compared to8%. Furthermore,
seen from the perspective of error reduction, grouping onlygives a 15% reduc-
tion for maximum entropy, while transformation based learning gets a 25% error
reduction.
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2.6 Decision tree learning

Decision trees, such asID3 (Quinlan 1986) and C4.5 (Quinlan 1993), contain
internal nodes, which perform tests on the data, and following the result of these
test through to the end leaf, gives the probability distribution associated with it.
These methods have the advantage that they automatically discard any features
that are not necessary, can grow more complicated tests fromthe tests (features)
given, and that the resulting trees are usually human readable.

2.6.1 Data decimation

The C4.5 algorithm works in two steps: first, a large tree is constructed that cre-
ates simple rules for every example found, and second, more generalized rules
are extracted from this tree. Running both parts of the algorithm, C4.5 (sta-
tistically correctly) deduces that the best rule to learn isthat there is no need to
recognizeVPEs, and everything is non-elliptical, as this results in onlya 1.4% er-
ror overall. This fits with C4.5’s design, which is to not overfit data, and produce
few, general rules.

It was only possible to get results from the algorithm by removing non-elided
samples from the training corpus, to artificially weigh elided samples, and only
running the first part of C4.5. Discarding every 20th sample,with full grouping,
precision of 79.39% and recall of 60.93% is obtained, givingan F1 of 68.94%.

2.7 Memory-based learning

Memory based learning is a descendant of the classicalk-Nearest Neighbour ap-
proach to classification. It places all training instances in memory and classifies
test instances by extrapolating a class from the most similar instances. It has
been used for a variety ofNLP tasks, and the technique is meant to be useful for
sparse data, as its feature weighing produces smoothing effects. We used TiMBL
(Daelemans et al. 2002), training it with the same data used for the maximum en-
tropy and C4.5 experiments.

Table 8 shows the results obtained. Again, a context size of 3gives best
results.

Context size Recall Precision F1
2 71.49 69.23 70.34
3 73.83 72.14 72.97
4 72.42 69.50 70.93

Table 8:Results forMBL
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2.7.1 POS grouping

Using the same principles for smoothing introduced in section 2.4.2, the effects
of category grouping are investigated, with the results seen in Table 9, gives a
2% increase in F1 over non-grouped data, for a context size of3.

Context size Recall Precision F1
2 74.29 68.24 71.14
3 76.16 73.75 74.94
4 73.83 70.53 72.14

Table 9:Results for groupedMBL

It is interesting that whileMBL achieves higher results for non-grouped data
than the other algorithms, it is also the one to benefit the least from grouping,
suggesting that grouping is more useful for generalizing rules than it is for pattern
matching.

2.8 Combining algorithms

As the different algorithms tested produce results with different characteristics,
their results can be seen as refined features. The baseline algorithm, for exam-
ple, has high recall but low precision, while the opposite holds true forTBL.
Experiments were conducted to see if using their results as features, alongside
the words and theirPOS, results in improved performance.

Alg. 3 Context 5 Context
Rec Pre F1 Rec Pre F1

MaxE 76.16 65.72 70.56 64.95 67.47 66.19
+ B 82.71 71.08 76.45 78.03 73.24 75.56
+ T 71.02 74.50 72.72 69.15 80.87 74.55

+ BT 76.16 75.46 75.81 75.23 78.53 76.84
C4.5 60.00 79.14 68.25 60.93 79.39 68.94
+ B 41.12 80.00 54.32 41.12 80.00 54.32
+ T 66.35 86.06 74.93 66.35 86.06 74.93

+ BT 66.35 86.06 74.93 66.35 86.06 74.93
MBL 76.16 73.75 74.94 73.36 69.77 71.52
+ B 77.57 77.20 77.38 76.63 75.57 76.10
+ T 75.70 77.51 76.59 74.29 75.00 74.64

+ BT 76.16 78.74 77.43 75.23 76.30 75.76

Table 10:Combining algorithms

The results in Table 10 show that this approach does not produce significant
gains, with the highest F1 produced at 77.4% byMBL , using just the baseline or
the baseline plusTBL.
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It is interesting to note that the contribution of baseline features andTBL features
are about the same for Maxent andMBL , with baseline features giving better
results. Maxent andMBL produce balanced precision and recall scores, despite
the differing natures of the added data. This suggests that they don’t generalize,
even toTBL which is quite precise, and learn rules to augment it. On the other
hand, when givenTBL data, C4.5 will default to it. When given just baseline data
though, it learns a number of rules it trusts more.

3 Conclusion and future work

Experiments utilizing four different machine learning algorithms have been con-
ducted on the task of detectingVPE instances. Their performances are summa-
rized in Table 11.

Algorithm Recall Precision F1
Baseline 89.30 42.76 57.82

TBL 69.63 85.14 76.61
MaxEnt 76.16 65.72 70.56

C4.5 60.93 79.39 68.94
MBL 76.16 73.75 74.94

Table 11:Comparison of algorithms

It must be noted that the results achieved are limited by the training data size,
which had to be kept to 370k words due to problems encounteredwith the�-TBL

learning algorithm. This has also meant that for theTBL experiments, as wide
a range of contexts as was expected could not be used. The training data size
could have been increased for the other algorithms, but was not for comparison
purposes.

AugmentingMBL with the baseline results produces a 77.4% F1. This gives
a 19.6% increase over our baseline, and a 29.4% increase overHardt’s results,
although they are not directly comparable due to the different corpora used.

The results so far are encouraging, and show that the approach taken is ca-
pable of producing a robust and accurate system. Future workwill concentrate
on using parsed data to investigate the effect of the extra information on perfor-
mance, and increasing the training dataset.
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HPSG-based Annotation Scheme for Corpora Development
and Parsing Evaluation
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Abstract
This paper proposes a formal framework for development and exploitation
of a corpus, based on the HPSG linguistic theory. The formal representa-
tion of the annotation scheme facilitates the annotation process and ensures
the quality of the corpus and its usage in different application scenarios.
Also, evaluation over HPSG annotation scheme is discussed.

1 Introduction

This paper proposes a strategy for the construction of a corpus, based on the
HPSG (Head-driven Phrase Structure Grammar) linguistic theory(see Pollard &
Sag 1994). The annotation scheme for the corpus is formally defined in a for-
malism forHPSGand reflects the developments in the theory. Thus our approach
tries to incorporate both - the language theory and the underlying formal assump-
tions. It has the following important advantages: (1) By imposing constraints
over theHPSG-derived annotation scheme, the annotation process becomes more
efficient; (2) It supports the definition of validation theories, which encode more
consistently the otherwise informal annotation guidelines; (3) When the annota-
tion scheme is changed at some later stage of the corpus development, the pre-
viously annotated sentences can be reclassified with respect to the new scheme
on the basis of: (a) the information that has already been encoded, and (b) the
minimal human intervention; (4) The formalism allows for different levels of ab-
straction over the data in the corpus. This can be very usefulfor the application
possibilities of the corpus. For example, different learning mechanisms might
rely upon different types of information. (5) Also the inference mechanisms can
be used for evaluating parsers with respect to such a corpus.

The work reported here has been developed within the BulTreeBank project
(Simov, Popova & Osenova 2002). The main goal of the project being the con-
struction of anHPSG-based treebank for Bulgarian. This goal presupposes the
choice of the linguistic theory and its adequate formalization. In our case it is
theHPSG theory and theSRL grammar formalism that we rely upon. The choice
is motivated by the fact thatHPSGandSRL meet the requirements for a consistent
representation of the linguistic knowledge within the treebank. Of course, there
exist other formalisms for theHPSG theory, but the comparison with them is be-
yond the scope of this paper. Note that the ideas presented here can be worked
out for other grammar formalisms as well as for other grammartheories.
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We would like to discuss briefly some often raised questions with respect to the
development of a treebank, namely, the role of the linguistic theory, and the re-
lation between a certain grammar and the treebank. Concerning the role of the
linguistic theory, we believe that the notion of ‘theory independency’ is impossi-
ble in case of detailed linguistic description, if at all. Inour view, the annotation
scheme of each treebank always involves some linguistic theory, especially when
taking specific decisions on the representation of the linguistic facts and their in-
terrelation. The connection between the grammar and treebank development is
bidirectional. On the one hand, a recent survey on treebanks(Abeillé 2003)
shows that most of the treebanks are grammar-based in the following sense: they
use a pre-defined grammar for the production of all the possible sentence analy-
ses, which later are manually corrected. The main advantageof such a treebank
is the additional knowledge, entered by the annotator in thepost-parsing phase.
On the other hand, the constructed treebanks can be used for grammar extrac-
tion and specialization. How a treebank of this kind can be exploited for such
purposes, is described elsewhere (Simov 2002, Simov et al. 2002).

The structure of the paper is as follows: Section 2 describesthe formalism
that is employed for the representation of theHPSG grammar, the corpus and
the annotation scheme. Section 3 demonstrates how this formalism can be used
for facilitating the annotation process. Section 4 focuseson the reclassification
algorithm. Section 5 presents the evaluation process. Section 6 discusses related
works. The last section concludes the paper.

2 Formalism for HPSG

In this section we present shortly the logical formalism (SRL) for HPSG which
we use in our work. For full description see (King 1989). A normal form for a
finite SRL theory is defined as a set of feature graphs (see (King & Simov 1998)).
(Simov 2002) shows that this normal form is suitable for the representation of an
HPSGcorpus and anHPSGgrammar.� = hS;F ;Ai is a finiteSRL signature iff S is a finite set ofspecies,F is a
set offeatures, andA : S � F!Pow(S) is anappropriateness function. � is a
term iff � is a member of the smallest setT , such that (1): 2 T , and (2) for each� 2 F and each� 2 T , �� 2 T . Æ is adescription iff Æ is a member of the
smallest setD, such that (1) for each� 2 S and for each� 2 T , � � � 2 D,
(2) for each�1 2 T and�2 2 T , �1 � �2 2 D and�1 6� �2 2 D, (3) for eachÆ 2 D, :Æ 2 D, (4) for eachÆ1 2 D andÆ2 2 D, [Æ1 ^ Æ2℄ 2 D, [Æ1 _ Æ2℄ 2 D,
and[Æ1 ! Æ2℄ 2 D. Each subset� � D is anSRL theory.

An HPSGgrammar� = h�; �i in SRL consists of: (1) a signature�, which
gives the ontology of entities that exist in the universe andthe appropriateness
conditions on them, and (2) a theory�, which gives the restrictions upon these
entities. We represent grammars and corresponding sentence analyses in a nor-
mal form based on feature graphs.
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Let �= hS;F ;Ai be a finite signature. Afeature graph with respect to� is a
directed, connected and rooted graphG= hN ;V; �;Si, such that: (1)N is a set
of nodes, (2) V :N�F!N is a partialarc function, (3) � is a root node, (4)S :N!S is a totalspecies assignment function, and (5) for each�1;�22N and
each�2F , such thatVh�1; �i # andVh�1; �i= �2, thenSh�2i 2 AhSh�1i; �i.
We say that the feature graphG is finite if and only if the set of nodes is finite.
A feature graphG = hN ;V; �;Si, such that for each node� 2 N and each
feature� 2 F if AhSh�i; �i # thenVh�; �i # is called acomplete feature
graph. For each two graphsG1 = hN1;V1; �1;S1i andG2 = hN2;V2; �2;S2i
we say that graphG1 subsumesgraphG2 (G2 v G1) iff there is anisomorphism
 : N1 ! N 02, N 02 � N2, such that (1)
(�1) = �2, (2) for each�; � 0 2 N1 and
each feature�, V1h�; �i = � 0 iff V2h
(�); �i = 
(� 0), and (3) for each� 2 N1,S1h�i = S2h
(�)i. For each two graphsG1 andG2 if G2 v G1 andG1 v G2 we
say thatG1 andG2 areequivalent.

For finite feature graphs, we could define a translation intoSRL descriptions
using the correspondences between paths in the graph and terms. Thus we can
interpret each finite feature graph as a description inSRL. Using the set of all
finite feature graphs that subsume a given infinite feature graph, we can also de-
fine the interpretation of each infinite feature graph. Thus we can speak about
satisfiable graphs. For them there exists an interpretationin which they denote
a non-empty set of objects. Moreover, we can define a correspondence between
the finiteSRL theories and the sets of feature graphs. Thus we can represent each
finite theory as a set of graphs, calleda graph theory representation. This repre-
sentation has the following important properties: (1) eachgraphG in the set of
graphs is satisfiable (for some interpretation the graphG denotes some objects
in the interpretation), and (2) each two graphsG1, G2 in the set have disjoint de-
notations (for each interpretation there is no object in theinterpretation that is
denoted by the two graphs). The mentioned above properties allow for classifi-
cation of linguistic objects with respect to the classes defined by the graphs.

We use feature graphs and algorithms for their processing inthe tasks con-
nected to the creation and usage of anHPSGcorpus. Next (Simov 2002) we as-
sume that an annotation scheme over theHPSGsort hierarchy can be considered
a grammar. The feature graphs of such an annotation scheme will be constrained
by the lexicon, which is available to the annotators; by the principles, which are
stated as a theory; and by the input sentences. As a result, all the constraints that
follow logically from the above sources of information can be exploited during
the annotation process.

3 Corpus annotation

The corpus annotation within this framework is based on the idea of parse se-
lection from a number of automatically constructed sentence parses. The parses
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are constructed by the inference mechanism using the graph representation of the
annotation scheme and graph encoding of the sentence. This approach to corpora
development is well known asgrammar-based corpus annotation. See (Dipper
2000) for an example among others. Our approach differs in the formal mecha-
nisms that are incorporated within the implementation. Theassumptions, which
the annotation process is based on, are: (1) The annotation scheme is defined as
a set of graphs. Thus each sentence annotation has to be consistent with respect
to the logical properties of the annotation scheme. Nevertheless, the annota-
tor is not constrained too much, because the annotation scheme is still general
and therefore, it will overgenerate massively. (2) The annotator cannot simul-
taneously observe all the parses, generated by the annotation scheme. He/she
has to make a choice relying only on the partial information as a prompt for the
sentence true analysis. Hence, annotators’ work is incremental. (3) The informa-
tion, added by the user during the annotation process, is propagated further. The
propagation reduces the number of the possible choices in other places of the
sentence analysis. Thus, the overall annotation process isorganized as follows:

(1) First, the selected sentence is processed partially. This processing is com-
patible with theHPSG sort hierarchy and comprises: morphological analysis,
disambiguation and non-recursive partial parsing. As a result, the complexity of
the following steps is reduced. Note that the sentences receive a unique partial
analysis.

(2) The result from the previous step is encoded as feature graphand it is
further processed by anHPSGprocessor with the help of the described annotation
scheme. The result is a set of complete feature graphs.

(3) The selection of the correct analysis is considereda classificationof the
partial description of the true sentence analysis with respect to the set of complete
feature graphs, produced in the previous step. The classification starts with the
information common for all complete graphs. This information contains all the
partial analyses from the first step, because theHPSGprocessor operates mono-
tonically and thus, it cannot delete information. On the basis of the differences
between the complete graphsan indexover them is created. This index supports
the propagation of the information, added by the annotator.When the user adds
enough information, the partial analysis can be extended toexactly one of the
complete graphs. If the sentence allows more than one analysis, the annotator
has to classify it more than once.

Next, we present the index and describe its contribution to the process of
classification of the partial sentence analysis with respect to all sentence analy-
ses. The idea is that the annotator states the new information about the analysis
as elementary descriptions of the relevant graph. The elementary descriptions
are of the following kinds:� � � (the path� is defined in the graph and the
species of the end node is�), � 6� � (the path� is defined in the graph and the
species of the end node is not�), �1 � �2 (the paths�1 and�2 are defined in
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the graph and they share their end nodes), and�1 6� �2 (the paths�1 and�2 are
defined in the graph and they have different end nodes).

Here are some examples of elementary descriptions that the user can supply:
“the phrase is of typehead-complement”, “the verbal adjunct is not a secondary
predication”, “the unexpressed subjects of two relative clauses are the same”. If,
for example, the sentence also contains reflexive pronouns,bound to the unex-
pressed subject in one of the relative clauses, the last claim will automatically
add a binding link from this pronoun to the unexpressed subject of the other
relative clause.

In (King & Simov 1998) we have shown that for a set of graphs, representing
a theory, there is a set of elementary descriptions, such that each description in
the set discriminates over the set of graphs. Thus, it is truefor at least one graph
and it is false for at least one graph. Using the last properties one can construct an
index over the set of graphs. The index is a tree, such that thenodes of the tree are
marked with elementary descriptions and the edges of the tree are marked with
truth values:true or false. And the descriptions are chosen in such a way that
each path from the root of the tree to some of the leaves of the tree determines
exactly one graph in the initial set of graphs. The descriptions, presented in the
index, can be chosen on the basis of the graphs.

In order to use such indices for facilitating the annotationprocess, we encode
all possible indices over the complete graphs, returned by the HPSG processor.
This work is being done incrementally over the differences of the graphs and
thus the indices share some of their parts. The index is not a tree in this case,
but rather a forest. This step is necessary for annotators’ convenience, because
it is not clear at the beginning, which information will be easy to be provided
manually.

It can be proved that for a finite set of graphs there exists a finite index. Stat-
ing one of the elementary descriptions in the index, the annotator always reduces
the number of the graphs that are presented by this description. Providing several
descriptions, the annotator arrives at exactly one graph from the set. Thus, the
classification is performed in the following way:

(1) At the beginning all the nodes in the index are available to bechosen and
the annotator has the possibility to state any of the elementary descriptions in the
index.

(2) The annotator decides on an elementary description about the sentence
from the set of the allowed descriptions.

(3) The description is found in the index and the operation reduces the num-
ber of the possible graphs. It also means that some of the elementary descriptions
in the index are not eligible any more, because they will contradict the selected
description.

(4) If the set of the possible graphs is a singleton (has only one member),
then this graph is a result from the classification. If the setcontains more than
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one graph, then the algorithm goes to point 2 and offers the annotator to make a
new choice of an allowed elementary description.

The chosen graph is in fact the analysis of the sentence. It isimportant to say
that this algorithm of classification works not only over a set of complete graphs,
but also over graph representations of finiteSRL theories.

An additional facility for the annotator is the possibilityfor him/her to pro-
vide larger descriptions at one step. Such descriptions represent the linguistically
motivated characteristics of the sentence. Larger descriptions can be considered
macros. For example, macroses are the constituent labels like VPS for verbal
head-subject phrase,NPA for noun head-adjunct phrase etc.
As a speed measure of the annotation we consider all the necessary selections
made by the annotator in his/her steps to the complete analysis. The number of
the selections are in the worst case equal to the number of allanalyses, produced
by the HPSG grammar. This can happen when the annotator rules out exactly
one analysis per choice. The average number of selections isa logarithm from
the number of the analyses. An important advantage of this selection-analysis-
approach is that the annotator works locally. Thus the number of parameters
necessary to be considered simultaneously is minimized.

4 Reclassification

The need for a reclassification of already classified linguistic objects arises in
connection with the following problems and tasks: (1) Changes in the target
linguistic description of the elements in the corpus; (2) New tasks, for which
the corpus might be adjusted; (3) New developments in the linguistic theory;
(4) Misleading decisions, taken during the design phase of the corpus develop-
ment. In each of these cases, the development of a new annotation scheme is
necessary. The problems concerning such a step are well known: What about the
corpus built up to now? How to use it in the new circumstances and at minimal
costs? Here we offer an algorithm for reclassification within our formalism for
HPSG.

There are two possible scenarios for the application of the reclassification to
an already created corpus: (1) The first holds when the changes in the annotation
scheme are relatively small. For instance, addition of new features, new sorts or
new principles to the initialHPSGgrammar; (2) In the second case there is a sub-
stantial change in the annotation scheme. For example, complete substitution of
the sort hierarchy parts with new ones. Of course, there are not clear boundaries
between the two kinds of changes.

Let �old and�new be two signatures and letAold be the annotation scheme
constructed on the basis of�old andAnew be the annotation scheme constructed
on the basis of�new. The idea of reclassification is based on the notion of the
correspondence rulesbetween descriptions with respect to the old and to the new
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annotation schemes. The general format of these rules isÆold ) Ænew where theÆold is a description with respect to�old andÆnew is a description with respect
to �new. The meaning of such rules is: for each modelIold of Aold, such that
the descriptionÆold is satisfiable in it, there exists a modelInew of Anew, such
that the descriptionÆnew is satisfiable in it. Thus we consider the correspondence
rules as rules for transferring knowledge between the two annotation schemes.

Then the algorithm for reclassification works in the following way:

(1) LetCR is a set of correspondence rules between the two signatures�old
and�new.

(2) LetGold be a graph with respect toAold for the sentenceS. LetfG1new; : : : ;Gnnewg are the candidate analyses for the sentenceS with respect to the new
schemeAnew.

(3) The algorithm constructs the setEDold of all descriptionsÆold, such that
there exists a correspondence ruleÆold ) Ænew 2 CR andGold is in the
denotation ofÆold for each interpretation ofAold that satisfiesGold. ThusEDold contains all the descriptions on the left side of the correspondence
rules that are true for the graph.

(4) Then the algorithm constructs the setEDnew of descriptionsÆnew, such
that there exists a correspondence ruleÆold ) Ænew 2 CR and Æold 2EDold. We consider the setEDnew to be the transferred knowledge from
the old annotation of the sentenceS to the new annotation.

(5) Then the algorithm uses the setEDnew and the index for the new poten-
tial analyses for the sentenceS in order to find the minimal number of
graphs from the setfG1new; : : : ;Gnnewg, which satisfies all the descriptions
in EDnew.

The result of this algorithm is a set of graphs. If the set is empty, it means that the
transferred knowledge is in contradiction with the new annotation scheme and
cannot be really used. In this case the developers of the corpus have to reconsider
the correspondence rules. If the set is a singleton, then it equals the analysis of
the sentence with respect to the new annotation scheme. If the set contains more
than one element, then the old analysis does not contain enough information for
a unique classification of the sentence with respect to the new annotation scheme
and some human intervention will be necessary. In fact we expect the last point
to be the majority of the cases. Nevertheless the reclassification process will
be helpful in this case also because it will reduce the numberof the candidate
analyses.

The two scenarios mentioned above differ from each other mainly on the
basis of the complexity of the correspondence rules. In the first case one can
state that each old description that is eligible with respect to the new scheme is
mapped on itself. The second case will require more complicated rules.
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5 Evaluation over an HPSG annotation scheme

A corpus, which is constructed with respect to this formalism, offers various op-
portunities for evaluation of parsing systems. Firstly,HPSGas a theory describes
the linguistic objects by using both mechanisms for the representation of the syn-
tactic information: constituent structure and head-dependent structure. Hence,
one could rely on the most of the current evaluation metrics like: PARSEVAL pre-
cision and recall over bracketing and the mean number of overlapping brackets
(Harrison et al. 1991), on evaluations focusing on grammatical relations as in
(Carroll et al. 2003), or on dependency relations in (Kübler & Hinrichs 2001)
and (Lin 2003). Additionally, such a corpus provides mechanisms for mixed
evaluation schemes where both of these inventories can be used.

Another advantage of such a corpus is the high granularity ofthe informa-
tion presented in it. This is a pre-requisite for the definition of different levels of
degree where the evaluation process can take place. Note that it supports multi-
level evaluation processes rather than mono-level ones. For example, one can
work on the level of bracketing, but also she/he can view the constituents types
as defined by the grammatical features of the head. Thus the two popular evalu-
ation approaches can be easily implemented over the same corpus, i.e., either the
bracketing precision and recall and bracketing overlap measures, or the gram-
mar relations measures. One can even combine them in one measure parameter
specific for certain evaluation requirements.

In order to achieve this one has to define a new annotation scheme, which
reflects the evaluation task. Then it is necessary an appropriate set of correspon-
dence rules to be defined. Afterwards the corpus is reclassified with respect to
the new annotation scheme. In most cases this process will bea simplification
of the information that is already in the corpus, and human intervention would
not be necessary. For instance, one can keep only the information about head-
dependents and delete all the information about the constituent structure. One
important point here is that the deletion of information is not exactly transforma-
tion of the graphs that already exist in the corpus. In fact, this is a construction
of a new corpus using the information stored in the old one. There is no need the
graphs in the new corpus to be isomorphic to subgraphs in the old one. As a very
simple example we can consider the transformation of a deep adjunct attachment
(one at a time) into a flat adjunct attachment (all at once).

Another possibility is the context dependent evaluation. Generally, this means
to mix several evaluation approaches depending on the linguistic information in
the sentence analyses. For example, consider the case when the evaluation aims
at determining the right argument recognition for the verbs, but not for the prepo-
sitions. Then one can require allNPs with attached to themPPs to be transformed
into some flat structuredNPs, and keep thePPs only when they are arguments of
the verbs.
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6 Related work and discussion

There are several existing works related to ours. Using graphs for representation
of corpora data is presented in a number of papers of Steven Bird and co-workers
(see (Cotton & Bird 2002) for applying their format to treebanks). The main dif-
ference between their approach and our work is that their graphs are defined
purely in a graph-theoretical manner with some additions related to corpus prac-
tice. In our view some logical formalism for annotation graphs is necessary in
order to ensure the consistency of the represented linguistic information and the
result from the operations over them. For comparison, our feature graphs are di-
rectly related to well established logical formalism whichensures the necessary
functionality for their manipulation. Also the expressivepower of feature graphs
seems to be greater than the one of annotation graphs.

Another related work is: RedwoodHPSG treebank of English (Oepen et al.
2002). The creation of this treebank uses decision trees to support the annota-
tors in the selection of the rightHPSGanalyses for the sentences. This approach
is very close to our classification based on feature graphs. Another important
characteristics of their treebank is its dynamic nature. This generally is con-
cerned with changes and new developments in the underling linguistic theory.
The problem is the following: when the theory changes the treebank becomes
out of date. In order to support easily the updates of the already represented in-
formation one needs a mechanism for reusing of old analyses with small amount
of work. The people working on Redwood treebank achieve thisagain by the
means of decision trees. We can use reclassification for the same purpose.

The reclassification is also related to the approach described in (Kinyon &
Rambow 2003) which is used for transformation of treebanks from one linguistic
theory to another. Again the difference with our approach isthat we offer these
operations to be done on the basis of a logical formalism, andthe consistency of
the result is guaranteed when the original information is consistent.

7 Conclusions

In this paper we presented a formal framework for development of a corpus
based onHPSG linguistic theory. There are several advantages of such a formal
framework: (1) Uniformity of the annotation with respect toanHPSGgrammar;
(2) Classification algorithm for facilitating the annotation process; (3) Potential
for reclassification which can be helpful during the development of the corpus
and during its exploitation.

One interesting side of such usage is for parser evaluation.Firstly, HPSG

as theory offers simultaneously representation of the constituent structure and
the dependency relations. Secondly, the reclassification of the corpus can be
context sensitive and this allows for different kinds of evaluation for different
constructions.
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Kübler, Sandra & Erhard Hinrichs. 2001. “From Chunks to Function-Argument Struc-
ture: A Similarity-based Approach”.29th Annual Meeting of the Association for
Computational Linguistics(ACL-EACL’01), 346-353. Toulouse, France.

Lin Dekang. 2003. “Dependency-based Evaluation of Minipar”. Treebanks. Building
and Using Parsed Corporaed. by Anne Abeillé, 317-329. Dordrecht: Kluwer.
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Abstract
Attempts to provide text-to-speech systems for Arabic are considerably
hampered by the fact that written Modern Standard Arabic omits a great
deal of information about short vowels, and a certain amountof other pho-
netically relevant information. We argue that it is possible to recover this
information by exploiting a mixture of morphological, syntactic and shal-
low semantic information. To do this effectively, the various levels of pro-
cessing have to be carefully coordinated. We do that by delaying evaluation
of constraints for as long as possible, so that we do not explore unnecessary
hypotheses.

1 Outline

Written Modern Standard Arabic (MSA) omits all short vowels, and underspeci-
fies a number of other phonetically relevant markers. This issomewhat inconve-
nient if you want to build a text-to-speech system for MSA, since the TTS cannot
produce appropriate output unless this information is available (El-Shafei 2002,
El-Imam 2001).

The work described below forms a preliminary step on the way to a TTS
system for Arabic. Our goal is to reconstruct what we will call the FULL FORM

of the short written form. This full form contains the diacritic markers which
indicate the presence (or absence) of short vowels and otherunwritten material.
Mansour (2000) argues that full forms of this kind provide all the information
you need in order to produce a phonetic transcription which can be used to drive
a TTS. Certainly without it there is no hope of constructing such a system.

The problem with MSA is that almost every written form corresponds to a set
of different words with different pronunciations –�é�PYÓ (mdrsT) could be any
of �é�PYÓ (madrasaT )1, �é� �PYÓ (mudarrisT ), �é� �PYÓ(mudarrasT ), I. �J» (ktb)

could be any of �I. ��J �» (kutub ) (noun) �I. ��J �» (kataba ) (intransitive or transitive

verb), �I. �J� �» (kutiba ) (passive of transitive�I. ��J �» (kataba )), �I. ���J �» (kattaba )

(transitive or ditransitive verb) or�I. ���J �» (kuttiba ) (passive of either reading1 Where we write a standard written form of MSA, the transliteration is in standard italics; where we include the
diacritics to show the underlying form, the gloss is infixed width font , to emphasise that it is underlying

forms of this kind that we are attempting to compute.
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of �I. ���J �» (kattaba )), and so on. If we want to make a TTS system for MSA,
we clearly need to make the right choices about which of thesefull forms was
intended in a given sentence.

Our problems, then, are considerably more difficult than those faced by peo-
ple who want to give an account of the morphology of full form Arabic (Kiraz
2001, McCarthy & Prince 1990), since we need an account of thestructure of
full form Arabic but we need to apply it in a situation where all we have is the
written form, where short vowels and some consonants are omitted.

The approach we take to the task of obtaining full form Arabicwords from
written MSA, then, is as follows:

1. Reconstruct the full form of each written word in isolation, delaying any
choices which the surrounding syntactic or semantic context can settle later
(Section 2).

2. Parse the text (Section 3). As you construct syntactic analyses, check that
any selection restrictions imposed on arguments or on the targets of modi-
fiers are satisfied.
As this step proceeds, choices which were left open when the words were
looked at in isolation may be settled. We use the SICStus Prolog co-
routining facilities (SICS 2002) to delay making decisionsuntil the in-
formation needed to settle them deterministically is available.

2 Morphology

The critical part of the task is the determination of the possible full forms of a
written word. Our approach has two major elements:� We have to determine the morphemes that make up the words we are faced

with – what is the root, what is the vocalic pattern, what are the affixes?� We have to determine the full form that corresponds to the specific set of
morphemes that make up the word in question.

The interactions between these two parts of the process are rather intricate. For
simplicity we will describe the analysis of word structure first (Section 2.1) and
the process of filling in the gaps second (Section 2.2).

2.1 Categorial morphology

Arabic words, like the words of most languages, are made up ofsets of meaning-
ful elements, where there is typically a root which carries the general semantic
notion underlying the word, a derivational component that picks out a particular
variant of this semantic essence, and a number of minor elements which carry
information about matters such as tense, number and thematic role (generally
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in the form of case markers). In many languages these elements are simply con-
catenated, but Arabic, like other Semitic languages, employs a nonlinear mixture
of concatenation and superimposition of elements.

In the short, written form of MSA, the process of superimposing a vowel pat-
tern on a consonantal root has very little visible effect. Where the vowel is in fact
long then it is written, but much of the time the vowel patternconsists of short
vowels or short pauses which are not written. A great deal of the information
that we need in order to work out what these unwritten elements must have been
is carried by the visible affixes which make it possible to determine whether, for
instance, a particular word is a nominal or a verbal form, andto assign values for
tense, number and agreement.

Kiraz (2001) notes that the description of the sequence of affixes that are
required by a given root can be described by a simple unification grammar. It is
well known that any such grammar is equivalent to a categorial grammar using
the standard rules of categorial grammar given in Figure 1. We follow Bauer
(1983) in using the formalism of categorial grammar, but we extend standard
categorial grammar with the second pair of rules in Figure 1:these rules allow us
extra flexibility when specifying the number of affixes that agiven item requires,
whilst allowing a strictly left right approach to morphology.

% R=) R/A, A
R(affixes=AFFIXES)=) R(affixes=[A(dir=after) | AFFIXES]), A

% R=) A, RnA
R(affixes=AFFIXES)=) A, R(affixes=[A(dir=before) | AFFIXES])

% R/AFFIXES =) R/A, A/AFFIXES
R(affixes=AFFIXES)=) R(affixes=[A(dir=after)]), A[affixes=AFFIXES]

% R/AFFIXES =) A/AFFIXES, R nA
R(affixes=AFFIXES)=) A[affixes=AFFIXES], R(affixes=[A(dir=before)])

Figure 1:Categorial rules

The first move, then, is to use descriptions of this kind to capture the constituent
structure of a typical Arabic word.

The general pattern is that a single root gives rise to a largenumber of differ-
ent nouns and verbs, each of which requires a range of inflectional affixes such
as tense, number, gender and case markers, possibly in conjunction with a set of
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inflectional affixes.
In general, then, the dictionary entry for a root doesnot specify that it is a

noun or a verb. Roots have no syntactic category assigned to them. Instead they
alwaysrequire a derivational affix2 in order to fix the category. The basic form
of an Arabic root, then, isfsyntax=S,
affixes=[ fsyntax=S, affix=deriv g] g

This says that the first thing that any Arabic root does is to combine with a
derivational affix, with which it is going to share all its syntactic properties. So
if the derivational affix says it’s a nominal affix then the whole thing is a noun, if
it says it’s a verbal affix then the whole thing is a verb.

So we can now just list all the roots and affixes in the lexicon,look them up
as we work our way through the word, and combine them.

The problem here is that there are quite a large number of derivational affixes
(we currently have about 75 nominal affixes and a smaller number of verbal
ones), many of which are either empty or appear in the writtenform just as the
letter Ó (m), but which all give rise to a different set of diacritics. Given that
we are working with MSA, where the diacritics are not writtenbut have to be
determined by the program in order to drive the TTS, we can’t tell which version
of the derivational affix has been used in the construction ofthe surface form.
We can’t tell, for instance, whether the surface form�PYÓ (mdrs) was obtained
using the version ofÓ (m) which has full form�Ó (ma) and which has the diacritic

pattern�� (0)+ �� (u) or the one that has full form�Ó (mu) and diacritic pattern�� (a)+�� (a) or . . .

We do not want to have, say, 16 different prefixes all of which are written asÓ
(m), where we have to try each in turn with a given root and then try all the ones
that the root accepts in all the syntactic contexts where theword is used.

We therefore have a single lexical entry for each surface form of a deriva-
tional affix, and we allow the root to specify which variants of the affix, and
hence which underlying form, it can accept.The choice between different varia-
tions of the derivational affix is delayed until we know the syntactic and semantic
context in which the word is being used.There are, for instance, sixteen nominal
prefixes that are written as� (m). Two of these combine with the root�PX (drs),
producing ����P �Y�Ó (mudarris ) and �� ��P �Y�Ó (mudarras ).

Once the derivational affix has fixed the basic category, we need to find any
others that are required. Since the root doesn’t know whether it is going to be a
nominal or a verbal form, we can hardly expect it to specify what other affixes
are required. Instead we exploit the freedom provided by Figure 1 to let the
derivational affix specify what’s required next.2 which may be empty, e.g., for pattern I verbs and for a wide range of nouns
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We assume that Arabic nouns have gender, number and case markers, and that
Arabic verbs have tense, gender, number and person markers,any of which may
be empty or missing. Nominal derivational affixes thereforespecify that a gender
marker is required, so that the description ofÓ (m) looks likefform= Ó ( m),
affix=derivfaffixes=[ faffix=gender, dir=after g] g] g

Similarly, we assume that verbal derivational affixes require a tense affix to be
found, which will either be a prefix or empty. The tense affix may in turn demand
an agreement affix which will fix both number and gender, so that 	àñJ.�K A¾�JK
 (ytkā-
tbwn) consists of the rootI. �J» (ktb), a verbal derivational suffix�H (t), a tense
prefix K
 (y), and an agreement suffix	àð (wn). The derivational suffix specifies
the subcat for the verb (in this case that it is transitive) and demands a tense
marker. The one that turns up, namelyK
 (y), marks the verb as third person
present tense and demands an agreement marker, and the agreement marker 	àð
(wn) completes the description by marking it as masculine plural.

2.2 Diacritics

So we now know that	àñJ.�K A¾�JK
 (ytkātbwn) is made out of four parts, which specify

its syntactic properties. What we still need is to discover its full form
�	àñ�J. ��K A �¾��J�K


(yatak ātabuwna ).
We start by considering a simpler case, and concentrating onthe diacritics in

the root. Consider	àñJ.�JºK
 (yktbwn), where the derivational affix is empty.
We know that the root has holes in it, waiting to be filled, and that the fillers

will differ depending on the derivational affix and, if it turns out to be a verb, the
tense. We know thatI. �J» (ktb) belongs to a fairly widespread class of verbs for
which the past diacritics are�� (a)+ �� (a) and the present diacritics are�� (0)+ �� (u).
We therefore encode this information in the root, and let thetense affix select
which of the possible sets of diacritics is to be used on this occasion.fwform= I. �J» ( ktb), uform= I. ?�J?» ( k?t?b),
presprefix= �� (a),

diacritics=(present= �� (0)+ �� (u), past= �� (a)+ �� (a)) g
We have split theform into two parts – the short written formwform and the
full underlying formuform . The full form has place-holders, which can be filled
in with short or long vowels, or left empty, as appropriate. Thediacritics
specifies how the holes are to be filled in under specified circumstances.
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The present prefix then selects the appropriate set of diacritics, and notes that
what we have is the present tense form of the verb:fwform= K
 ( y), uform=X+K
 (y+X),

cat=verb,
presprefix=X,
diacritics=(present=PRESENT,past=???,actual=PRESENT ) g

Unifying these leads tofwform= I. �JºK
 ( yktb),

uform= �I. ?�J?º+ ��+K
 (y+a+k?t?b),

presprefix= �� (a),

diacritics=(present= �� (0)+ �� (u), past= �� (a)+ �� (a),

actual= �� (0)+ �� (u)) g
from which it is easy to obtain the proper full form�I. ��J �º�K
 (yaktubu ) by substi-

tuting the selected diacritics in order and deleting 0’s and+’s.

3 Syntax

It seems, then, that it is possible to determine a range of possible underlying
forms of a written MSA word, but that there is likely to be considerable ambigu-
ity as to which form was intended in a given context. The next step is to parse
the input text to eliminate readings of individual words that do not contribute to
globally acceptable readings of the whole text.

We use an HPSG-like grammar with a parsing algorithm which has been
tuned for dealing with languages where phrase order is fairly unconstrained
(Ramsay 1999, Ramsay 2000). Consider the short sentence (1)

(1) .�PYË� �P�X �PX (drs d̄ars aldrs.)�PX (drs) and �P�X (dārs) each have multiple interpretations –�PX (drs)
has one nominal and two verbal interpretations, as does�P�X (dārs). There are,
therefore, nine possible combinations of underlying forms. The sentence as a
whole,y however, has just two legal structural analyses – the one in Figure 2 and
an exactly parallel one with �� ��P �X (darrasa ) as the verb.

The only readings we obtain have one of the verbal forms of�PX (drs) as the
verb, �P�X (dārs) as subject and�PYË� (aldrs) as object (i.e., with VSO word-
order). What happened to all the other potential analyses?� We don’t get an SVO reading with�P�X (dārs) as verb and�PX (drs) as

subject because indefinite subjects cannot occur in SVO order sentences.
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object

��P�� �X (dārisun )

agent

�� ��P �X (darrasa )�� �P �Y�Ë�� (aldarsa )

object

��P�� �X (dārisun )

agent

Figure 2:.�PYË� �P�X �PX drs d ārs aldrs.� We don’t get a VOS reading with�P�X (dārs) as object and�PYË� (aldrs) as
subject or an OVS reading with�PX (drs) as object and�P�X (dārs) as verb
because for that to happen either�P�X (dārs) and�PX (drs), as indefinite
singular masculine nouns, would need an explicit accusative case marker,
which neither of them has.� We don’t get a reading with the intransitive reading of�PX (drs) because
there is then no role for�PYË� (aldrs).

We see, then, that we can weed out candidate forms for MSA written words by
checking to see whether they contribute to syntactically well-formed sentences.
We may still have a number of analyses left, as above. If they all have the same
phonetic transcription then we don’t need to choose betweenthem, since our
task is to obtain the information required for TTS, but if we do have to make
a choice then we rely on simple selection restrictions of thekind pioneered by
Wilks (1978).

Obtaining a syntactic analysis of the text, then, is important because it helps
rules out many possible forms of individual words (and is also crucial if we want
to use information about the meaning of the utterance to eliminate candidate in-
terpretation, since the syntactic structure underlies thesemantic analysis). Given
our task of producing the information needed for text-to-speech, however, it has
an additional role: in at least some, more formal, registers, Arabic nouns have
case markers, which should be pronounced but are not written.

This is problematic. Case markers are unwritten, but their underlying form is
governed by a fairly complex set of constraints. The following provides a rough
summary of some of the more important rules:� The form of the case marker depends on the case, the number andgender

of the noun, and on whether the noun is definite or indefinite.� One of the arguments of a verb gets assigned the role of subject. The sub-
ject will be nominative if the verb is tensed (i.e., if it is a main sentence or
the clause containing it is governed by	à
� (-an)), and accusative if the verb

is untensed (i.e., if it is governed by
�	à
� (-ann) or

�	à �
 (-inn)) (Mohammed,
2000).
Nominal clauses, of course, do not have verbs, so we can hardly say that
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the case of the subject is governed by the tense of the verb. The case of the
subject here is determined by the status of the clause as a whole – if it’s a
main clause or governed by	à
� (-an), then the subject will be nominative, if

it’s governed by
�	à
� (-ann) or

�	à�
 (-inn) then the subject will be accusative.� Other arguments will be accusative (objects and auxiliary objects) or
marked by a preposition.� The satellite element in a construct NP will be genetive. Thecase marker
on the nucleus will have the definite form, even though the nucleus does
not have a definite article attached to it: this is because the construct NP
as a whole is definite, and the nucleus inherits this property.

(2) illustrates a number of these points.

(2) .I. �JºÖÏ � ú
 	̄ H. A�JºË� �	à
� I. �KA¾Ë � Y�®�J«
� (-,tqd alk̄atb -ann alkt̄ab fy almktb.)

The subject of (2) isI. �K A¾Ë � (alkātb). Because it is the subject of a main clause
it is assigned nominative case, and because it is masculine definite singular the
underlying form becomes�I. �K� A �¾�Ë�� (alk ātibu ). The subject of the embedded

nominal sentence isH. A�JºË� (alktāb). Because the embedded sentence is governed

by
�	à
� (-ann), H. A�JºË� (alktāb) is assigned accusative case, which means that its

underlying form is �H. A��Jº� �Ë�� (alkit āba ).�Y ��®��J �«�
� (-a,taqada )��	à�
� (-ann )

scomp

(copula)ú
 	̄� (fiy )

predicationI.� ��J �º�Ü�Ï�� (almaktabi )

�H. A��Jº� �Ë�� (alkitāba )

subject

�I. �K� A �¾�Ë�� (alkātibu )

subject

Figure 3:.I. �JºÖÏ � ú
 	̄ H. A�JºË� �	à
� I. �KA¾Ë� Y�®�J«
� -,tqd alk ātb -ann alkt āb

fy almktb.
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(3) shows what happens with construct NPs.

(3) .I. �JºÖÏ � ú
 	̄ ÕË AªË � H. A�J» (ktāb al,̄alm fy almktb.)

The satelliteÕË AªË � (al,̄alm) is marked as genetive, and hence has the underlying

form Õ� Ë�A �ª�Ë�� (al ,̄alimi ). The headH. A�J» (ktāb) is the subject of the whole sen-

tence, and hence is nominative. However, although it appears to be indefinite,
since it has no definite article attached to it, the fact that it is the head of a con-
struct NP makes it definite, and hence its underlying form is�H. A��J»� (kit ābu )

rather than �H. A��J»� (kit ābun ) as you would expect for a masculine indefinite sin-

gular nominative.

(copula)ú
 	̄� (fiy )

predicationI.� ��J �º�Ü�Ï�� (almaktabi )

�H. A��J»� (kitābu )

topicÕ� Ë�A �ª�Ë�� (al ,ālimi )

satellite

Figure 4:I. �JºÖÏ � ú
 	̄ ÕË AªË � H. A�J» kt āb al ,̄alm fy almktb

4 Conclusions

The system described above computes the underlying full forms for input MSA
texts where short vowels and other phonetically significantmaterial is missing
from the written form. In order to do this, we carry out the following processes:� morphotactic/morphophonemic analysis, using a categorial description of

how roots and affixes (includingcircumfixes) combine.� slot-and-filler insertion of diacritics, where the choice of diacritic pattern
is determined by the morphotactic analysis and the surrounding syntactic
and semantic context.� syntactic analysis using a grammar which deals with the range of word
orders that are permitted in simple Arabic sentences, and which also covers
the intricate case marking constraints associated with nominal sentences
and construct phrases.� semantic analysis: this is not discussed at length in the current paper for
reasons of space, but it is used to provide further help with disambiguation.

We are currently integrating the system with the MBROLA speech synthesiser
(Dutoit 1996), using the Arabic diphone set supplied by Nawfal Tounsi. The
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output is currently intelligible, but extremely flat. The structural analysis ob-
tained by the system, however, enables us to split the text globally into ‘phonetic
phrases’ and locally into syllables. This work is still fairly preliminary – we can
use the system to drive the synthesiser, we can suggest pitchcontours (which the
synthesiser can respond to), but it has to be said that we are still some way from
producing natural sounding Arabic.
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Guessing Morphological Classes of Unknown German Nouns
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Abstract
The MorphoClass system for recognition and morphological classification
of unknown German words is described. It learns and applies ending guess-
ing rules, similar to those proposed for POS guessing. Then,given raw
texts, it outputs the unknown nouns together with hypotheses about their
possible stems and morphological class(es). The system’s design and im-
plementation are presented and demonstrated by means of extensive eval-
uation.

1 Introduction

The efficient processing of unknown words is a primary problem for everyNat-
ural Language Processing(NLP) system. No matter how big its lexicon is, it will
always face unknown wordforms1. Existing systems either use spell-checkers,
lists of exceptions and gazetteers of proper names, or rely on data-driven ap-
proaches in order to model these phenomena and decide on the type and category
of unknown wordforms.

While most of the unknown words processing systems focus on the predic-
tion of the most likelypart of speech(POS), MorphoClass2 targets themorpho-
logical classof unknown nouns. It groups unknown German input wordforms
as candidates for a single paradigm and tries to propose astemand amorpho-
logical class. We define thestemas the common part shared by all inflected
wordforms (up to valid alternations). Together with the morphological class, it
determines all wordforms that could be obtained by an inflection of the same
base paradigm.MorphoClass solves the “guessing” problem as a sequence of
subtasks including: (i) identification of unknown words (at present, limited to
nouns); (ii ) recognition and grouping of the inflected forms of a word; (iii ) com-
pound splitting; (iv) morphological stem analysis; (v) stem hypothesis generation1 Misspelled words and orthographic variants from e.g., the recent reform of German orthogra-

phy also result in “new words”.2 MorphoClass was developed within the EC funded project “BIS-21 Centre ofExcellence”
ICA1-2000-70016 and was additionally supported by the bilateral cooperation scheme of
Hamburg University and Sofia University.
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for each group of inflected forms; (vi) ranking the list of hypotheses for possible
morphological classes for each word group.

This is a multiple-stage process, which relies on: (i) morphology � com-
pound splitting, inflection, affixes; (ii ) global context� wordforms from the
whole input, word frequency statistics, ending guessing rules etc.; (iii ) local con-
text � adjacent words: articles, prepositions, pronouns; (iv) external sources�
lexicons, German grammar information etc.

MorphoClass is not aPOSguesser as it is not restricted to the local con-
text. The system is a kind of morphological class guesser, which could (but does
not need to) work after or before aPOStagger has marked the unknown nouns.
MorphoClass can also be used as a lemmatiser, as it outputs the stem and the
morphological class for each known word. The system is not a stemmer since
it does not conflate derivational forms: e.g.,generateandgeneratorwould be
grouped together by most stemmers but not byMorphoClass. To the best of our
knowledge, this is the only system that attempts to address these morphological
issues.

The paper is organised as follows. Section 2 comments on related work, Sec-
tion 3 discusses the system’s resources and Section 4 shows the system at work.
Section 5 presents the evaluation, Section 6 points to some further improvements
by linear context consideration and Section 7 contains the conclusion.

2 Related work

Our approach is related to and influenced by some classical NLP tasks, such as
morphological analysis andPOStagging. See (Nakov et al. 2003) for a detailed
comparison to these and other tasks.German morphology:(Adda-Decker &
Adda 2000) propose rules for morpheme boundary identification, after the oc-
currence of sequences like:�ungs, �hafts, �lings, �tions, �heits. The
problem of German compound splitting is considered in depthby (Goldsmith
1998; Lezius 2000; Ulmann 1995).General morphology:(Goldsmith 2001)
performs a minimum description length corpora-based analysis of the morphol-
ogy of several European languages. A very influential is the work of Brill (Brill
1997) who builds linguistically motivated rules using botha tagged corpus and a
lexicon. He looks not only at the affixes but also checks theirPOS in a lexicon.
Mikheev proposes a similar approach but learns the ending guessing rules from a
raw text (Mikheev 1997). (Daciuk 1999) speeds up the processusing finite state
transducers. We are not aware of any other system that guesses morphological
classes by observing the endings only, without consideringany word formation
rules.
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3 Resources: lexicons and grammatical knowledge

A word is consideredknownby MorphoClass, if it is contained in one of its lex-
icons. TheStem Lexicon(SL) is compiled from both theNEGRA corpus (NEGRA
2001) and the full-form Morphy lexicon (Lezius 2000), and currently contains
13,147 German nouns.SL facilitates compound recognition since the compound
splitting module relies onSL’s noun stems. TheExpanded Stem Lexicon(ESL) in-
cludes all wordforms derived from theSL entries and is used during the learning
stage for the ending guessing rules. TheWord Lexicon(WL) contains adjacent
closed-class words such as articles, pronouns, etc.

Class Singular Plural
nom gen dat akk nom gen dat akk

m1 0 [e]s(1) [e] 0 e e en e: : : : : : : : : : : : : : : : : : : : : : : : : : :
m3a 0 [e]s(1) [e] 0 er er ern er: : : : : : : : : : : : : : : : : : : : : : : : : : :
m9 0 [e]s(1) [e] 0 en en en en: : : : : : : : : : : : : : : : : : : : : : : : : : :
n20 0 [e]s(1) [e] 0 e e en e
n21 0 [e]s(1) [e] 0 er er ern er: : : : : : : : : : : : : : : : : : : : : : : : : : :
n25 0 [e]s(1) [e] 0 en en en en

Table 1:Morphological classes of German nouns

The MorphoClass morphological classes have been designed for theDB-MAT
system (DB/R/-MAT 1992-1998). Each class contains 8 noun endings (see Table
1) appended to the stem with possible alternations and otherchanges expressed
by rules. E.g., the ending-s for Genitive Singularis appended to stems from
classm1, after adding a preceding-e- and taking into accountrule 1, which
encodes: “when the basic nominative form ends bys/sch/x/chs/z/tz/: : : the vowel
-e- is obligatory”. For a complete list of the morphological classes and rules see
(Nakov et al. 2002).

We will focus now on the processing of unknown nouns only (theknown
ones are identified by lexicon lookup). The successful recognition of unknown
nouns substantially depends on the fact that the German nouns are capitalised
(with very few exceptions, each capitalised word is either anoun, a named entity
or starts a sentence).MorphoClass produces one of the following judgements
for each group of wordforms sharing a stem:� COMPOUND� successfully split using the available lexicon, so the mor-

phological class of the last word in the compound is assigned;� ENDING RULE� ending guessing rule applied, class assigned;
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For the morphological class prediction we adopted an endingguessing rules
mechanism, which has been originally proposed for POS guessing (Mikheev
1997). We built 482 rules when running the rule induction against the SL and
1,789 rules when the SL entries were weighted according to their frequencies in
a raw text (see Table 2). We considered all endings up to 7 characters long and
met at least 10 times in the training raw text, provided that there were at least
3 characters remaining to the left, including at least one vowel. For each noun
we extracted all possible suffixes (e.g., fromVaterwe obtain-r, -er and-ter) and
for each ending� a list of the morphological classes it appeared with and their
corresponding frequencies. It is intuitively clear that a good ending guessing
rule would be: unambiguous (predicts a particular class without or with only few
exceptions); frequent (must be based on a large number of occurrences); long
(the longer the ending, the lower the probability that it will appear by chance,
and thus the better its prediction). While the maximum likelihood estimation is
a good predictor of the rule quality, it does not take into account the rule length
or the rule frequency. So, following (Mikheev 1997) we adopted the score:

score =p� tn�1(1��)=2q p(1�p)n1+log l , p = (x + 0:5)=(n+ 1)
where: l is the ending length,x is the number of successful rule guesses,n is
the total number of training instances compatible with the rule,p is a smoothed
version of the maximum likelihood estimation, which ensures that neitherp nor(1 � p) could be zero,

qp(1�p)n is an estimation of the dispersion,tn�1(1��)=2 is a
coefficient of thet-distribution (withn � 1 degrees of freedom and confidence
level�).

Ending Confidence Predicted Class
class(es) frequency(s)

heit 0.999496 f17 1761
nung 0.999458 f17 1638
schaft 0.999427 f17 1439
keit 0.999412 f17 1510
chaft 0.999409 f17 1439
tung 0.999408 f17 1498
gung 0.999394 f17 1464
haft 0.999383 f17 1439
lung 0.999182 f17 1084

Table 2:The most confident ending guessing rules (learned from the lexicon
and weighted on a raw text).

We keep the rules whose score is above some threshold. Currently, we use 0.90,
which produces high quality rules. This makes the system conservative as no
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specific morphological class (out of the feasible ones for the target group of
wordforms) is proposed unlessMorphoClass is confident enough in its choice.
If more texts are presented to the system, it would possibly observe more word-
forms of the target unknown noun and will rule out some of the possible classes.
If we want a choice at any price, we can move the threshold downor allow am-
biguous ending guessing rules that predict more than one morphological class
(as Mikheev did).

4 Examples

MorphoClass attempts to generate a stem for each group, as shown in Table 3.
For each stem in column one it checks the existence of a morphological class
that may generate all wordforms of column three. If at least one is found,Mor-
phoClassaccepts the current coverage as feasible, otherwise it tries to refine it in
order to make it acceptable. It is possible that the same stemis generated by a
set of words that otherwise could not be covered together. Inthe first step it does
not matter whether the stem is correct, but just whether there is a morphological
class that could generate all the forms in column 3.

Stem # Wordforms covered
Haus 7 f Haus, Hause, Hausen, Hauses, Hausse, Hauser, Hauserng
Gro� 6 f Gro�e, Gro�en, Gro�er, Gro�es, Gro�e, Gro�eng
Gro�e 6 f Gro�e, Gro�en, Gro�er, Gro�es, Gro�e, Gro�eng
Spiel 6 f Spiel, Spiele, Spielen, Spieler, Spielern, Spielsg
Ton 6 f Ton, Tonnen, Tons, Tonus, Tone, Toneng
Geschäft 5 f Geschäft, Geschäfte, Geschäften, Geschäftes, Gesch¨aftsg
Schrei 3 f Schrei, Schreien, Schreierg

Table 3:Largest wordform sets before the stem refinement

For example, in Table 3, we do not reject the stemSpiel, which is incompatible
with the set of wordforms. We decide thatSpiel, Spiele, SpielenandSpielsare
correct members of theSpiel paradigm, whileSpieler and Spielernare not and
probably belong to a different one.Spiel, Spiele, SpielenandSpielsmight be gen-
erated fromSpielby the four classesm1, m9, n20andn25, while Spieler, Spielern� may be generated fromSpielby m3aandn21(see Table 1). Thus, both groups
are acceptable, taken separately. The first group is bigger and therefore more
likely, i.e., the first four wordforms belong to the paradigmof Spiel. Applying
ending guessing rules, we will have to choose between four possible morpho-
logical classes:m1, m9, n20andn25. ForSpielerandSpielernMorphoClass will
continue to explore other possible stems. In case of same cardinality of the two
groups, we would prefer the most likely morphological class, according to Mor-
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phy’s lexicon andNEGRA. In the worst caseMorphoClass would propose two
candidates.

Table 4 shows the interaction between compound splitting and ending guess-
ing. It is obtained from Table 3 after several iterations of stem refinement. The
compoundBildungsurlaub(educational holiday) in the first row is composed of
Bildung (study) andUrlaub (vacation). The last nounUrlaub determines both
the compound gender (masculine) and its morphological class. However, a plu-
ral form of this paradigmBildungsurlaube(last row) covers the base formLaube
(summer house), which is a feminine noun. The first and the last rows includeBil-
dungsurlauber(person in study leave), which does not belong to these paradigms.

In the first step,MorphoClass identifies the valid compounds together with
the known nouns and morphotactic rules. Here it will see the stemBildungsurlaub
first, as it is suggested by the 4 wordforms, and will find thatBildung as well as
Urlaub are in the lexicon, i.e.,Bildung-s-urlaubis a valid compound. However, it
does not generateBildungsurlauberas a member of the same paradigm. At this
momentBildung-s-urlaubwill be kept as a compound andBildungsurlauberas a
single form that may belong to another paradigm.

Unknown stem # Words that generated the stem
Bildungsurlab 4 f Bildungsurlaub, Bildungsurlaube, Bildungsurlauben,

Bildungsurlauber g
Ortsbezirk 4 f Ortsbezirk, Ortsbezirke, Ortsbezirken, Ortsbezirksg
Bildungsurlaube 3 f Bildungsurlaube, Bildungsurlauben, Bildungsurlauber g

Table 4:Unknown stems ordered by the number of word tokens covered

With Bildungsurlaubein the last row of Table 4,MorphoClass will try to de-
compose it asBildungsur-laube, sinceLaube is in the lexicon as well3. Since
Bildungsur-laubefails, MorphoClass will connect the first two forms in the last
row to the paradigm in the first row sinceBildungsurlaubwas treated as a valid
component.

In case neitherBildung, Urlaub nor Laubeare in the lexicon,MorphoClass
will apply ending guessing rules toBildungsurlaub, find a morphological class and
excludeBildungsurlauberfrom the paradigm as impossible. Finally,MorphoClass
will not treat Bildungsurlaubeas a possible stem since it is already covered by
Bildungsurlaub. ThusMorphoClass will not guess thatBildung, Urlaub, andLaube
are possible base forms of German nouns.3 But it will not find Bildungsur-. Moreover,Laubehas no formLauberand thusBildung-

surlaubercannot be generated.
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5 Evaluation

TheMorphoClass system has been manually evaluated with the following texts:
(i) Kafka: Erzählungen, 3,510 word types, 13,793 word tokens; (ii ) Goethe 1:
Die Wahlverwandtschaften, 10,833 types, 79,485 tokens; (iii ) Goethe 2: Wilhelm
Meisters Lehrjahre, 17,252 types, 194,266 tokens.

Table 5 summarisesMorphoClass’ performance. The compound splitting
rules have a coverage of 32% and their precision is over 92% for all text types.
A substantial amount of the remaining stems are covered by the ending guessing
rules, which are applied in over 40% of the cases, but their precision in iso-
lation was lower (details follow). However,MorphoClass has no dictionary of
named entities and its ending guessing rules were trained onthe small lexicon
of Morphy, where nominalised verbs are listed as nouns. So wedo not pretend
that the ending guessing rules are based on representative statistics. Morpho-
Classalways produces a list of candidate classes but with “no info” it does not
choose any of them. All results should be considered as relative to the available
resources. Better performance can be achieved with a list ofnamed entities and
a broader initial lexicon. During the evaluation, the produced stems have been
categorised as follows:� SET: asetof classes is assigned instead of a single one;� PART: acorrectclass is discovered butnot all the correct ones;� WRONG: a single class is assigned but it iswrong;� YES: a single class is assigned and it is the only correct one;� SKIP: the stem has been excluded from the current manual evaluation

(proper names, non-German nouns, non-nouns or wrong stem).

We defineprecisionandcoverageas follows:

precision1= YES / (YES+ WRONG+ PART)
precision2= (YES+ (scaledPART)) / (YES+ WRONG+ PART)
precision3= (YES+ PART) /(YES+ WRONG+ PART)
coverage= (YES+ WRONG+ PART) / (YES+ WRONG+ PART+ SET)

Coverageshows the proportion of the stems whose morphological classhas been
found, whileprecisionreveals how correct it was. A scaling is performed accord-
ing to the proportion of possible classes guessedg to the number of classes: if
a stem belongs tok (k > 2) classes andMorphoClass foundg of them (it finds
exactly one in case of ending guessing rule but in case of compound splitting or
no rule applicable, it might find more)precision1considers this as a failure (i.e.,
0), precision2counts it as a partial success (will count it asg=k) andprecision3
accepts it as a full success (i.e., 1).

Table 6 shows the results of the manual evaluation using the above measures.
We see that for the longer texts the precision is higher but the coverage is lower.
We considered two baselines:baseline 1always predicts classf16, since it is the
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Nouns Compounds Ending guessing “No info” stems
Kafka 473 185 (39.11%) 190 (40%) 98 (21%)
Goethe 1 1,706 551 (32.30%) 837 (49%) 318 (19%)
Goethe 2 2,838 896 (31.57%) 1,274 (45%) 668 (23%)

Table 5:Noun wordforms in the different texts

most frequent one, whilebaseline 2proposes the most frequent class but limited
to the ones compatible with the proposed stem and the wordform group. Table 7
shows the performance ofMorphoClass is well above both baselines.

Kafka Goethe 1 Goethe 2
Coverage 88.99% 84.80% 82.43%
Precision 1 74.23% 75.75% 82.36%
Precision 2 76.08% 77.21% 83.42%
Precision 3 81.44% 79.96% 85.22%

Table 6:Evaluation results

Baseline 1 Baseline 2
Kafka Goethe 1 Goethe 2 Kafka Goethe 1 Goethe 2

Coverage 100.00% 100.00% 100.00%100.00% 100.00% 100.00%
Prec. 1 13.76% 9.61% 10.82% 16.40% 19.30% 21.29%
Prec. 2 13.76% 9.65% 10.86% 16.40% 19.34% 21.41%
Prec. 3 13.76% 9.69% 10.91% 16.40% 19.37% 21.56%

Table 7:Baselines 1 and 2

A more detailed evaluation has been performed on Kafka’sErzählungen. As Ta-
ble 8 shows, the compound splitting rules have a very high precision: 93.62%
(no partial matching: all the rules predicted a single class, even if more than one
splitting was possible) and coverage of 43.12%. Ending guessing rules have a
much lower precision: 56% forprecision 1and 70% forprecision 3. This is an
overall coverage of 88.99% and precision of 74.23% (precision 1), 76.08% (pre-
cision 2) and 81.44% (precision 3). Note that the cascade algorithm is “unfair”,
since ending guessing rules have been applied only if the compound splitting
rules had failed. So we made a second run with the compound splitting rules dis-
abled and we obtained much higher coverage (76.15%) and precision (66.27%,
68.43%, 74.70%). Note that some of the stems are short and thus the ending
guessing rules might act as compound splitting. This explains the improvement
for the ending guessing rules on the second run.
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RUN 1 RUN 2
compound ending guessing overall ending guessing
splitting rules (cascade) rules only

Coverage 43.12% 45.87% 88.99% 76.15%
Precision 1 93.61% 56.00% 74.23% 66.27%
Precision 2 93.62% 57.47% 76.08% 68.43%
Precision 3 93.62% 70.00% 81.44% 74.70%

Table 8:Detailed evaluation on Kafka. The coverage is higher than inTable 5,
since theNO INFOcolumn is split intoSET, PARTandSKIP

6 Improvement by linear context

MorphoClass does not consider all successfully guessed morphological classes
to be equally likely. Its last module uses the two-word left context of the target
noun and statistical observations from theNEGRAcorpus to produce a ranking of
the feasible morphological classes. The context words are limited to the articles,
prepositions and pronouns, which can be used as a left predictor of the gender,
case and number of the target noun. For instance, according to NEGRA, eineis
most often followed by a feminine noun in Akk/Sing.: (Fem/Akk/Sg: 0.6714),
(Fem/Nom/Sg: 0.3213) and (Fem/Dat/Sg: 0.0073).

NEGRA allowed us to acquire good left context statistics for about75% of
the nouns it contains (about 6% had no left context of the kindwe needed). Our
investigation shows that:� The morphological class predicted by the left context rulescoincides with

the gender of the three most likely classes proposed byMorphoClass in
60% of the cases;� In 78% of the cases, the morphological class predicted by theleft context
rules is among the classes produced byMorphoClass;� The linear context improves the performance in about 14% of the cases.

7 Conclusion and future work

MorphoClass is a useful tool for lexical acquisition: it identifies new wordforms
in the raw text, derives some properties and performs a morphological classifi-
cation. It is clear that 100% accuracy is impossible, but themore wordforms
it collects the better the guess will be. An important feature of MorphoClass is
that its performance can be improved using bootstrapping byextending the lex-
icons with the newly acquired unknown wordforms, so that better results can be
achieved incrementally. As new wordforms are collected from the whole text (or
from a collection of texts) in a context-independent way,MorphoClass can be
used as a lexicon-acquisition tool for automatic dictionary extension.
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We tried to apply the same procedure for guessing morphological classes of un-
known nouns in Bulgarian. The results were much worse (success rate of less
than 50%) possibly due to the richer inflectional morphologyand to the difficul-
ties to identify unknown nouns in raw texts. The relatively high precision for
German substantially depended on the fact that this language requires capitalisa-
tion of the nouns.

Possible directions of future development ofMorphoClass include: refining
the ending guessing rules (using a bigger lexicon), testingits feasibility in a
lexical acquisition environment for German and application to other languages
with relatively compact and regular morphology and possibly to other parts of
speech.
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Building Sense Tagged Corpora with
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Abstract
It is generally agreed that the success of a Word Sense Disambiguation
(WSD) system depends, in large, on having enough sense annotated data
available at hand. We report a Web-based approach to constructing large
sense tagged corpora by exploiting agreement ofWeb users who contribute
word sense annotation. We investigate the quantity and quality of the sense
tagged data collected with this approach, and show that it compares favor-
ably with the traditional method of hiring lexicographers.

1 Introduction

Onenotoriously difficult problem in understanding text is Word Sense Disam-
biguation (WSD).While humans usually do not even notice the word ambiguities
when interpreting text, word ambiguity is very common, especially among the
most frequent words. Despite much recent work on machineWSD algorithms
within the recent SENSEVAL evaluation frameworks and elsewhere, there has
not been as much progress on a related problem known to have a strong impact
on the quality ofWSD systems, namely the availability of sense tagged data.

With a handful of tagged texts currently available, existing WSD systems are
able to deal only with few pre-selected words for which hand annotated data was
provided. Out of the total of 20,000 English words which carry more than one
possible meaning, currently available sense tagged data islimited to annotated
examples for at most 300-400 words.

The rest of the chapter is organized as follows. In Section 2,we describe
the system used to collect annotated data from Web users. In Section 3 and 4
respectively, we investigate the quantity and quality of data collected over the
Web, and evaluate theWSD performance that can be achieved by relying on these
data. We summarize our contributions in Section 5.

2 Building sense tagged corpora with the help of Web users

To overcome the current lack of sense tagged data and the limitations imposed
by the creation of such data using trained lexicographers, we designed a system
that enables the collection of semantically annotated corpora over the Web.
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Sense tagged examples are collected using a Web-based application,Open Mind
Word Expert(OMWE), that allows contributors to annotate words with their mean-
ings. OMWE and the data it has collected are available online from
http://teach-computers.org at the time of writing. Tagging is organized
by word: for each ambiguous word for which a sense tagged corpus is desired,
contributors are presented with a set of natural language (English) sentence-long
contexts each of which includes an instance of the ambiguousword.

The overall process proceeds as follows. Initially, example sentences are
extracted from a large textual corpus. If other training data for a given word is not
available, a number of these sentences are presented to the users for tagging in
Stage 1. Next, this tagged collection is used as training data for aWSD algorithm,
and active learning is used to identify in the remaining corpus the examples that
are “hard to tag”. These are the examples that are presented to the contributors
for tagging inStage 2.

For all tagging, contributors are asked to select the sense (or senses) they
find to be the most appropriate in a given sentence. The selection is made using
check-boxes, containing all WordNet senses of the current word, plus two addi-
tional choices, “unclear” and “none of the above.” The results of any automatic
classification or the classification submitted by other users are not presented so
as to not bias a contributor’s decisions. Based on preliminary feedback from both
researchers and contributors, the current version of the system allows contribu-
tors to specify more than one sense for a given instance.

2.1 Source corpora

Initially, the corpus for annotation was formed by samplingthree different cor-
pora, namely thePenn Treebankcorpus, theLos Angeles Timescollection as pro-
vided during TREC conferences (http://trec.nist.gov ) andOpen Mind
Common Sense(http://commonsense.media.mit.edu ), a collection of
about 500,000 commonsense assertions in English as contributed by volunteers
over the Web (Singh 2002). Recently, we have integrated theBritish National
Corpus; we also plan to integrate theAmerican National Corpuswhen it be-
comes available.

2.2 Sense inventory

The sense inventory used in the current system implementation is WordNet 1.7.1
(Miller 1995). Users are presented with the current sense definitions from Word-
Net, and asked to decide on the most appropriate sense(s) in the given context.

Future versions of the system may adopt a new sense inventory, or use the
coarse sense classes derived from WordNet, since the fine granularity of Word-
Net was occasionally a source of confusion for some contributors and sometimes
discouraged them from returning to the tagging task.
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3 Quantity and quality of Web-based sense tagged corpora

Collecting from the general public holds the promise of providing much data at
low cost. It also raises the importance of two aspects of datacollection: (1) en-
suring contribution quality, and (2) making the contribution process engaging to
the contributors.

To ensure contribution quality, we collect redundant tagging for each item.
The system currently uses the following rules in presentingitems to volunteer
contributors:
At least two tags per item. We present an item for tagging until agreement be-

tween at least two taggings has been obtained. Moreover, there is a maxi-
mum number of tags that we collect per item, which is currently set to four.
That is, if no agreement is reached for the first four taggings, the item is
dropped from the annotated corpus.1

One tag per item per contributor. We allow contributors to submit tagging ei-
ther anonymously or having logged in. Anonymous contributors are not
shown any items already tagged by contributors (anonymous or not) from
the same IP address. A logged in contributor is not shown items that this
contributor has already tagged.

In one year since the beginning of the activity, we collectedmore than 100,000
individual sense tags from contributors. Of these, approximately 16,500 tags
came from using the system in the classrooms as a teaching aid(for which the
web site provides special features). Future rate of collection depends on the site
being listed in various directories and on the contributor repeat visit rate. We are
also experimenting with prizes to encourage participation.

We measured the quality of the collected data in two ways. Oneis inter-
tagger agreement, (including� statistics), which measures agreement between
the tags assigned to the same item by two different annotators. The other isrepli-
cability, which measures the degree to which an annotation experiment can be
replicated. According to Kilgarriff (1999), the ability torecreate closely agreeing
tagging by doing a “second run” is an even more telling indicator of annotation
quality than inter-tagger agreement.

3.1 Inter-tagger agreement

The inter-tagger agreement obtained so far is closely comparable to the agree-
ment figures previously reported in the literature. Kilgarriff (2001) mentions
that for the SENSEVAL-2 nouns and adjectives there was a 66.5% agreement
between the first two taggings (taken in order of submission)entered for each
item. About 12% of that tagging consisted of multi-word expressions and proper1 Note that most figures reported in this chapter refer to an earlier version of the system, which

was restricted to collect no more than two taggings per item.
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nouns, which are usually not ambiguous, and which are not considered during
our data collection process. So far we measured a 62.8% inter-tagger agreement
between the first two taggings for single word tagging, plus close-to-100% preci-
sion in tagging multi-word expressions and proper nouns (asmentioned earlier,
this represents about 12% of the annotated data). This results in an overall agree-
ment of about 67.3% which is reasonable and closely comparable with previous
figures.

3.2 Kappa statistic

In addition to raw inter-tagger agreement, we also calculated the kappa statistic,
which removes from the agreement rate the amount of agreement that is expected
by chance (Carletta 1996).

We measure two figures:micro-average�, where number of senses, agree-
ment by chance, and� are determined as an average for all words in the set, and
macro-average�, where inter-tagger agreement, agreement by chance, and� are
individually determined for each of the 280 words in the set,and then combined
in an overall average. With an average of five senses per word,the average value
for the agreement by chance is measured at 0.20, resulting ina micro-� statistic
of 0.58. Formacro-� estimations, we assume that word senses follow the dis-
tribution observed in the Open Mind annotated data, and under this assumption,
themacro-� is 0.35.

Only few previous sense annotation experiments report on the � statistic,
and therefore it is hard to compare the values we obtain with previous evalua-
tions. It is generally assumed that agreement above 0.80 representsperfect agree-
ment, 0.60-0.80 representssignificant agreement, 0.40-0.60 representsmoderate
agreement, and 0.20-0.40 isfair agreement. While most NLP applications seek
data with an agreement that is at leastsignificant, this is rarely the case in the task
of sense annotation. Previous semantic annotation experiments report amacro-�
for nouns of 0.30 (Ng 1999), as measured on the intersection between SemCor
and the DSO corpus; a value of 0.49 for the annotation of 36,000 word instances
in a French corpus (Veronis 2000); a value of 0.44 for the Spanish SENSEVAL-2
task (Rigau 2001) (for the last two� values, it is not clear whether they were
computed usingmicroor macroaverage).

We also measure the� statistic on the corpus constructed for the 29 nouns
in the English lexical sample task at SENSEVAL-2. The SENSEVAL-2 English
lexical sample data was constructed following the principle of tag until at least
two agree. To create a setting similar to the Open Mind collection process, in
this evaluation we only consider the first two tags (arranging tags in order of
submission). With agreement by chance determined based on sense distributions
drawn from the corpus itself, themacro-� statistic for this sense tagged corpus
is 0.62, and themicro-� statistic is 0.65. On the same noun set, the Open Mind
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data has amacro-� value of 0.43, and amicro-� of 0.55. While� statistics for
the SENSEVAL-2 data are clearly higher, the figures are not, however, directly
comparable since (1) SENSEVAL-2 data also includes multi-word expressions,
which are usually easy to identify, and lead to high agreement rates; and (2) in
Open Mind Word Expert, the instances to be tagged for this setof 29 nouns were
selected using anactive learningprocess, and therefore these instances are “hard
to tag”.

Additionally, we performed an experiment where only clearly separable word
senses were listed on theOpen Mind Word Expertsite for selection in tagging (we
used six different senses forline, as used in (Leacock 1998)). In this case,� =0:73, a higher figure than the case where fine grained sense distinctions are used
in tagging. This suggests that a sense inventory with clearer sense distinctions is
likely to have a positive impact on the inter-tagger agreement.

3.3 Replicability

To measure the replicability of the tagging process performed by Web users, we
carried out a tagging experiment for which annotation performed by “trusted hu-
mans” already existed. We used the data set for the nouninterest, made available
by Bruce and Wiebe 1994. Because this 2,369-item data set wasoriginally an-
notated with respect to LDOCE, we had to map the sense entriesfrom LDOCE
to WordNet in order to make a direct comparison with the data we collect. The
mapping was straightforward with one exception: all six LDOCE entries mapped
one-to-one onto WordNet senses. There was one additional WordNet entry not
defined in LDOCE; for this entry we discarded all corresponding examples from
the Open Mind annotation.
Next, we identified and eliminated all the examples in the corpus that contained
collocations (e.g.,interest rate) because these collocations have unique Word-
Net senses. These examples accounted for more than 35% of thedata. Finally,
the remaining 1,438 examples were displayed on the Web-based interface for
tagging.

Out of the 1,438 examples, 1,066 had two tags that agreed, therefore a 74%
inter-annotator agreement for single words tagging.2 Out of these 1,066 items,
967 had a tag that coincided with the tag assigned in the experiments reported
in (Bruce 1994), which leads to an 90.8% replicability for single words tagging
(note that the 35% monosemous multi-word expressions are not taken into ac-
count by this figure). This is close to the 95% replicability scores mentioned in
(Kilgarriff 1999) for annotation experiments performed bylexicographers.

In all, robustness of our data is also corroborated by the experience of a
similar volunteer contribution project (Singh 2002), which observed surprisingly2 Addition of the 35% monosemous multi-word expressions tagged with 100% precision leads

to an overall 83% inter-tagger agreement for this particular word.
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Word Set size Baseline WSD Word Set size Baseline WSD
activity 103 90.00% 90.00% arm 142 52.50% 80.62%
art 107 30.00% 63.53% attitude 107 100.00% 100.00%
bank 160 91.88% 91.88% bar 107 61.76% 70.59%
bed 142 98.12% 98.12% blood 136 91.05% 91.05%
brother 101 95.45% 95.45% building 114 87.33% 88.67%
captain 101 47.27% 48.18% car 144 99.44% 99.44%
cell 126 89.44% 88.33% chance 115 56.25% 81.88%
channel 103 84.62% 86.15%chapter 137 68.50% 71.50%
child 105 55.33% 84.67% circuit 197 31.92% 45.77%
coffee 115 95.00% 95.00% day 192 34.76% 44.76%
degree 140 71.43% 82.14%device 106 98.12% 98.12%
doctor 133 100.00% 100.00%dog 130 100.00% 100.00%
door 112 54.62% 45.38% eye 117 96.11% 96.11%
facility 205 81.60% 74.40% father 160 96.88% 96.88%
function 105 24.67% 32.00% god 110 71.82% 81.82%
grip 239 45.94% 61.88% gun 143 94.71% 94.71%
hair 147 96.67% 96.67% horse 138 100.00% 100.00%
image 120 36.67% 71.67% individual 103 96.15% 96.15%
interest 1066 39.91% 71.08%kid 106 83.75% 84.38%
law 106 38.12% 66.88% letter 137 85.00% 81.00%
list 102 100.00% 100.00%material 196 77.60% 76.40%
mother 119 99.00% 99.00% mouth 151 74.38% 77.50%
name 136 98.42% 98.42% object 183 96.19% 96.19%
office 209 62.76% 61.03% officer 103 56.15% 55.38%
people 120 99.17% 99.17% plant 126 98.89% 98.89%
pressure 106 72.50% 70.62%product 216 80.74% 81.48%
report 101 66.36% 60.91% rest 360 51.11% 67.22%
restraint 204 22.92% 46.25% room 124 100.00% 100.00%
sea 205 90.80% 90.80% season 102 92.50% 92.50%
song 116 92.35% 92.35% structure 112 75.38% 72.31%
sun 101 63.64% 66.36% term 125 71.18% 90.59%
treatment 108 67.78% 66.67%tree 105 100.00% 100.00%
trial 109 87.37% 86.84% type 135 92.78% 92.78%
unit 108 54.44% 46.67% volume 103 63.85% 54.62%
water 103 53.85% 72.31%

Table 1:Words with more than 100 sense tagged examples: (1) set size,
(2) precision attainable with the most frequent sense heuristic, (3) precision

attainable with the WSD system

low the rate of maliciously misleading or incorrect contributions.

4 Exploiting agreement of human annotators for WSD

We also carried out two sets ofWSD experiments to further evaluate annotation
quality. For these experiments, we used the items for which two Web annotators
agreed on the sense tag assigned. One set of experiments disambiguated a held
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out subset of the collected corpus, with evaluations performed using ten-fold
cross validations runs. This is theintra-corpusexperiment, were both train-
ing and test sets are from the same source. The second set of experiments in-
volves inter-corporaevaluations, in which the training corpus provided for the
SENSEVAL-2 evaluation exercise is augmented with the examples contributed by
Web users, and the performance is subsequently tested on theSENSEVAL-2 test
data.

4.1 Intra-corpus WSD

In this experiment, we employ STAFS, one of the best performing WSD systems
at SENSEVAL (Mihalcea 2002). In current experiments, we use only a smallset
of features, consisting of the target word itself, its part of speech, and a sur-
rounding context of two words and their corresponding partsof speech. The
WSD performance is evaluated during 10-fold cross validation runs. We also
compute a simple baseline which always assigns the most frequent sense (also
computed during 10-fold cross validation runs). Table 1 lists: all words for which
we collected sense tagged data with at least 100 annotated examples available;
the number of items with full inter-annotator agreement; the most frequent sense
baseline; the precision achieved with STAFS.
For the total of 280 words for which data was collected, an average of 87 exam-
ples per word were annotated.3 The most frequent sense heuristic yields correct
results in 63.32% overall. When disambiguation is performed using STAFS,
with a simple set of features consisting of the word itself, the word’s part of
speech, and a surrounding context of two (words and their corresponding parts
of speech), the overall precision is 66.23%, which represents an error reduction
of about 9% with respect to the most frequent sense heuristic.

Number of Precision Error rate
training examples baseline STAFS reduction
any 63.32% 66.23% 9%> 100 75.88% 80.32% 19%> 200 63.48% 72.18% 24%> 300 45.51% 69.15% 43%

Table 2:Precision and error rate reduction for various sizes of the training
corpus

Moreover, the average for the 72 words which have at least 100training
examples (the words listed in Table 1) is 75.88% for the most frequent sense
heuristic, and 80.32% when using STAFS, resulting in an error reduction of 19%.
When at least 200 examples are available per word, the most frequent sense3 The Open Mind Word Expert sense tagged corpora used in these experiments is free for down-

load at http://teach-computers.org
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S-2 S-2 + OMWE S-2 S-2 + OMWE
Word Fine Coarse Fine Coarse Word Fine Coarse Fine Coarse
art 60.2% 65.3% 61.2% 68.4% authority 70.7% 85.9% 76.1% 90.2%
bar 45.7% 58.3% 46.4% 57.0% bum 75.6% 77.8% 66.7% 78.9%
chair 81.2% 81.2% 82.6% 82.6% channel 52.1% 54.8% 49.2% 56.2%
child 60.9% 62.5% 56.2% 57.8% church 62.5% 62.5% 67.2% 67.2%
circuit 49.4% 49.4% 48.2% 50.6% day 65.5% 65.5% 66.2% 67.6%
detention 68.8% 68.8% 71.9% 71.9% dyke 82.1% 82.1% 82.1% 82.1%
facility 58.6% 93.1% 48.3% 94.8% fatigue 79.1% 83.7% 76.7% 81.4%
feeling 64.7% 64.7% 64.7% 64.7% grip 54.7% 74.5% 62.7% 70.6%
hearth 71.9% 87.5% 71.9% 87.5% holiday 77.4% 83.9% 77.4% 87.1%
lady 77.4% 86.8% 77.4% 88.7% material 50.7% 60.9% 53.6% 66.7%
mouth 56.7% 85.0% 66.7% 90.0% nation 70.3% 73.0% 70.3% 73.0%
nature 65.2% 76.1% 69.6% 84.8% post 58.2% 62.0% 57.0% 60.8%
restraint 48.9% 60.0% 57.8% 68.9% sense 54.7% 54.7% 58.5% 60.4%
spade 57.6% 57.6% 51.5% 51.5% stress 56.4% 82.1% 56.4% 82.1%
yew 78.6% 96.4% 78.6% 96.4% Average 63.99% 72.27% 64.58% 73.78%

Table 3:Evaluation using Senseval-2 (S-2) and Web-users (OMWE) examples

heuristic is correct 63.48% of the time, and theWSD system is correct 72.18% of
the time, which represents a 24% reduction in disambiguation error. See Table 2
for precision and error rate reduction for various sizes of the training corpus.

For the words for which more data was collected from Web users, the im-
provement over the most frequent sense baseline was larger.This agrees with
prior work by other researchers (Ng 1997), who noted that additional annotated
data is likely to bring significant improvements in disambiguation quality.

4.2 Inter-corpora experiments

In these experiments, we enlarge the set of training examples provided within the
Senseval evaluation exercise with the examples collected from Web users, and
evaluate the impact of the additional training examples on performance. Table
3 shows the results obtained on the test data when only SENSEVAL-2 training
data were used, and the results obtained with both SENSEVAL-2 and Web-users
training examples. The sameWSD system is used in this experiment. Only exam-
ples pertaining to single words are used (that is, we eliminate the SENSEVAL-2
examples pertaining to collocations).

There is a small error rate reduction of 2% for fine grained scoring.4 A more
significant error reduction of 5.7% was observed for coarse grained scoring. No-
tice that the examples used in our Web-based system are drawnfrom a corpus
completely different than the corpus used for SENSEVAL-2 examples, and there-
fore the sense distributions are usually different, and often do not match the test4 Fine grained scoring is a performance evaluation using wordsenses as defined in WordNet.

Coarse grained scoring is an evaluation that relies on similar senses being grouped in clusters
(e.g., by lexicographers).
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data sense distributions (as is the case when train and test data are drawn from
the same source). Previous word sense disambiguation experiments performed
across diverse corpora have shown that variations in genre and topic negatively
affect performance (Martinez 2000). The relatively low error reductions obtained
in our own inter-corpora experiments confirm these results.

5 Summary

We proposed a solution for construction of large sense tagged corpora with vol-
unteer contributions over the Web. We evaluated the quantity and quality of
the data collected from Web users, and showed how these data can be used to
improveWSD performance. The experiments performed with these data showed
that the inter-tagger agreement, replicability, and disambiguation results obtained
on these data are comparable with what can be obtained using data collected with
the traditional method of hiring lexicographers, at a much lower cost.
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in Automatic Keyword Indexing
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Abstract
This work extends previous work on automatic keyword indexing by show-
ing how the number of incorrectly assigned keywords — as measured by
keywords assigned by professional indexers — may be highly reduced by
combining the predictions of several classifiers. The classifiers are trained
on different representations of the data, where the difference lies in the
definition on what constitutes a candidate term in a written document.

1 Introduction

The work described in this chapter concerns automatic keyword indexing,where
the goal is to automatically find a set of terms describing thecontent of a single
document. The motivation for the work is that keywords can play an important
role in supporting a user in the search for relevant information. The keywords
may serve as a dense summary for a document, they can lead to animproved
performance of a search engine, or they may constitute the input to a clustering
mechanism, to give just some examples. Most documents lack keywords, and
since it would be much too time-consuming, expensive, as well as tedious to
manually assign keywords for all these documents, automatic methods must be
explored.

The approach taken to automate the task is that of supervisedmachine learn-
ing, that is, a prediction model (or a classifier) is constructed by training a learn-
ing algorithm on documents with known keywords. The model issubsequently
applied to previously unseen documents, to select a suitable set of keywords.
This approach to automatically assign keywords is also usedby for example,
Frank et al. (1999), Turney (2000), and Pouliquen et al. (2003). More specifi-
cally, the work presented here concerns keywordextraction, where the selected
keywords are present verbatim in the document to which they are assigned. To
evaluate the constructed models, manually assigned keywords are used as the
gold standard.

Automatic keyword indexing is a difficult task, and the performance of the
state-of-the-art keyword extraction is much lower than formany otherNLP tasks,
such as parsing and tagging. The low performance is partly due to the chosen
evaluation method: It is to a certain extent inevitable thatkeywords selected by a
classifier differ from those selected by a human indexer, as not even professional
indexers agree on what set of keywords best describes a document. One reason
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for this disagreement is that keyword indexing deals with natural language, and
humans are often inconsistent in such tasks. This, in turn, is because human
languages allow for syntactic and semantic variations.

The work presented here builds on work by Hulth (2003), in which several
classifiers for automatic keyword extraction were evaluated. The most evident
drawback with the evaluated classifiers was that they selected too many keywords
that were not chosen as keywords by the human indexers. In some cases it may
be desirable to have a prediction model that assigns more keywords than a human
would do, for example if the classifier is to be used for semi-automatic indexing.
In that case the goal for the training should be to find all manually assigned
keywords, as well as a limited set of additional ones. The final selection would
then be made by a professional indexer. Semi-automatic indexing was, however,
not the purpose of the experiments described in Hulth (2003).

In this chapter, experiments on how the number of incorrectly assigned key-
words was reduced to a more acceptable level — as measured by keywords as-
signed by professional indexers — are described. The improvement was ob-
tained by taking the majority vote of three classifiers whicheach was trained on
a different representation of the data. The representations differed in how the
candidate terms were selected from the documents; using different definitions
on what constitutes a term in a written text.

The outline is as follows: In the next section, a summary of the classifiers
used for the expert combination is given. In Section 3, the ensemble technique
and its results are described. Also, two approaches that didnot work in reducing
the amount of false positives are shortly presented. (A false positive is a can-
didate term that has been given the labelpositiveby the classifier although its
true value isnegative, that is, it is not a manually assigned keyword.) Before
concluding and giving some directions for future work, an example is given of
the automatic keyword extraction before and after the expert combination.

2 Training the classifiers

One of the most important aspects in machine learning is how the data are pre-
processed and represented,and consequently what is given as input to the learn-
ing algorithm. In the case of automatic keyword extraction,the pre-processing
consists of two steps. The first step is to determine where a keyword begins and
ends in a running text, since a keyword may consist of one or several tokens.
Whereas humans usually are good at knowing when a number of consecutive
tokens should be treated as a unit (as one “word” or as one phrase), this is not ev-
ident for an automatic indexer. This procedure is referred to as defining thecan-
didate terms. Once the candidate terms have been extracted, it is likely that too
many terms have been selected to make them useful as keywords. A filtering of
terms is achieved by constructing a model that — based on the values of a num-
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ber of defined features — can make this distinction for the extracted candidate
terms. The second step is thus to calculate the feature values for the candidate
terms. The goal for the learning is then to find the feature values discriminating
the candidate terms that are appropriate keywords from those candidate terms
that are inappropriate. To train the prediction models, thefeature values of the
known keywords are used.

In the experiments on automatic keyword extraction discussed in Hulth (2003),
three different approaches to select the candidate terms from the documents were
used. These were all stemmed:� uni-, bi-, and trigrams excluding stopwords (referred to asn-grams)� noun phrase (NP) chunks� words matching any of a set of empirically defined part-of-speech (POS)

tag sequences, where the patterns corresponded to frequently occurring
patterns of manual keywords (referred to aspatterns).

Three features were selected for the candidate terms. Thesewere:� term frequency� collection frequency (IDF)� relative position of the first occurrence.

In addition, experiments with a fourth feature — that significantly improved the
results — were performed for each term selection approach. This feature was:� the most frequentPOStag sequence assigned to the candidate term.

In total, six models were evaluated on the test set (three term selection ap-
proaches with three and four features respectively). The measures used for the
evaluation wereprecision(how many of the automatically assigned keywords
that are also manually assigned keywords),recall (how many of the manually as-
signed keywords that are found by the automatic indexer), and F-measure(F�=1)
for the selected keywords. To calculate the recall, the number of manually as-
signed keywords actually present in the abstract to which they were assigned was
used. A keyword was considered correct if its stemmed form was equivalent to
a stemmed manually assigned keyword.

The machine learning method used in the experiments was an implementa-
tion of rule induction, where the prediction models constructed from the given
examples consist of a set of rules. The system applied is calledRule Discovery
System(RDS 2003). The strategy used to construct the rules wasrecursive parti-
tioning(or divide-and-conquer), which has as its goal to maximise the separation
of the classes for each rule. The resulting rules are hierarchically organised (that
is, as decision trees). In order to construct rules that are not over-fitted — to
avoid rules that are too closely tuned to the training data and will generalise
poorly — half of the training data are saved for pruning the rules. This action
is part of how the learning algorithm is implemented inRDS. The results from
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Hulth (2003) that are relevant for the experiments discussed in this chapter are
found in Table 1. The presented results are for four features. For each term se-
lection approach is shown: The number of assigned keywords in total (Assign.);
the number of correct keywords in total (Corr.); the precision; the recall; and the
F-measure. There are 500 documents in the test set. The totalnumber of man-
ually assigned keywords present in the abstract is 3 816, andthe mean is 7.63
keywords per document.

Method Assign. Corr. Prec. Recall F-measure
n-grams 7 815 1 973 25.2 51.7 33.9
NP-chunks 4 788 1 421 29.7 37.2 33.0
Patterns 7 012 1 523 21.7 39.9 28.1

Table 1:Results for the individual classifiers

In the experiments described here, the same data were used asin the previous ex-
periments: A set of 2 000 abstracts in English from scientificjournal papers with
keywords assigned by professional indexers. Also, the division of the training
(1 000 documents; to construct the prediction models), validation (500 docu-
ments; to evaluate the models, and select the best performing one), and test (500
documents; to get unbiased results) sets was kept.

3 Combining the experts

It has often been shown that combining experts leads to an improved accuracy,
and there are several ways to apply ensemble techniques (seefor example, Diet-
terich (1998)). Basically, one may either manipulate the training data; for exam-
ple in bothbaggingandboostinga number of classifiers are obtained by training
on different subsets of the whole data set. Or, one may use different learning
algorithms on the same training data to acquire different classifiers. There is also
the question of how to combine the classifiers to consider, for example whether
better performing classifiers should be given higher weights in the ensemble.

3.1 Combining different representations

In this section, an ensemble method that highly reduced the number of incor-
rectly assigned keywords, while still retaining a large number of correct key-
words, will be described. The ensemble was built from classifiers trained on
different representations of the data. As mentioned in Section 2, six models
were evaluated on the test set in Hulth (2003): Three term selection approaches
with two sets of features (with or without thePOStag feature).
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To reduce the number of incorrect keywords a pair-wise combination was ini-
tially made over the six models, given that the term selection approaches were
different. Thus, in total twelve pairs were obtained. In order to be considered a
keyword, a term had to be selected by both prediction models in the pair, that is,
an unanimity vote was used.

The twelve pairs were evaluated on the validation data, and the three pairs
(one pair for each combination of the term selection approaches) with the high-
est precision were selected. The reason for choosing precision as the selection
criteria was that the goal is to reduce the false positives, thus the proportion of
these should be as small as possible.

The three pairs that were selected were:� n-grams with thePOStag feature +NP-chunks with thePOStag feature� n-grams with thePOStag feature + patterns with thePOStag feature� NP-chunks with thePOStag feature + patterns with thePOStag feature,
in other words, the three term selection approaches with thePOS tag feature.
In Table 2, the results for these three combinations on the test set are shown.
In the table, the number of assigned keywords in total; the number of correct
keywords in total; the precision; the recall; and the F-measure are displayed.
(The total number of manually assigned keywords present in the abstract in the
test data is 3 816, and the mean is 7.63 keywords per document.) As can be
seen in the table,n-grams +NP-chunks assign the set of 500 abstracts in total
2 004 keywords, that is, on average 4.01 keywords per document. Of these are
on average 1.80 correct. If looking at the actual number of keywords assigned,
27 documents have 0, while the maximum number of keywords assigned is 21.
The median is 4. For then-grams + patterns pair, in total 3 822 keywords are
assigned. Of the 7.64 keywords on average per document, 2.14are correct. If
examining the actual distribution, 8 documents have no keywords assigned, the
maximum is 34, and the median is 7. Finally, theNP-chunks + patterns assign in
total 1 684 keywords, that is, on average 3.37 keywords per document; of these
are 1.42 correct. The maximum number of keywords actually assigned is 14. 32
documents have 0, and the median is 3 keywords per document.

Method pair Assign. Corr. Prec. Recall F-measure
n-gram+NP-chunk 2 004 902 45.0 23.6 31.0
n-gram+Pattern 3 822 1 069 28.0 28.0 28.0
NP-chunk+Pattern 1 684 708 42.0 18.6 25.7

Table 2:Results for the three best performing pairs

As can be seen in this table, the precision has increased for all pairs, compared
to the performance of the individual classifiers (see Table 1). However, the F-
measure has decreased for all three combinations. As it is important not only
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to assign correct keywords, but also to actually find the manually assigned key-
words, recall is considered equally important (the reason for when calculating
the F-measure giving� the value 1).

As these results were still not satisfactory from the point of view of the F-
measure, an experiment with joining the results of the threepairs was performed,
that is, by taking the union of the keywords assigned by the pairs. Doing this is
in fact equivalent to taking the majority vote of the three individual classifiers in
the first place. The results on the test set when applying the majority vote are
found in Table 3 (Sub. not removed). In total, 5 352 keywords are then assigned
to the test set. On average per document, 3.31 keywords are correct, and 7.39
are incorrect. The actual number of keywords varies between41 and 0 for four
documents, and the median is 10 keywords per document. The F-measure when
taking the majority vote for the three classifiers is 36.1, thus higher than for
any of the individual classifiers. The precision is also higher than for any of
the component models, and the recall is higher than for two ofthe individual
classifiers. If comparing this result to then-gram approach, that has the highest
F-measure, the number of false positives has decreased by 2 145, while 318 true
positives are lost. The result of the majority vote may be compared to the number
of keywords assigned to the test set by the professional indexers, where three
documents have no keywords present in its abstract. The median is 7 keywords,
and the maximum is 27, and there are in total 3 816 manually assigned keywords.

Majority vote Assign. Corr. Prec. Recall F-measure
Sub. not removed 5 352 1 655 30.9 43.4 36.1
Sub. removed 4 369 1 558 35.7 40.8 38.1

Table 3:Results for the majority vote

As another improvement, the subsumed keywords may be removed, that is, if
a term is a substring of another assigned keyword, the substring is removed.
In Table 3 (Sub. removed) one can see that although some correctly assigned
keywords are removed as well (5.9%), the number of false positives decreases
by 24.0%. If looking at the actual distribution on the test set, four documents
have 0 keywords. The maximum number of keywords assigned is 30, while the
median is 8 keywords per document. This results in the highest F-measure (38.1)
obtained on the test set for these experiments.

3.2 Lessons learned

Before any successful results were obtained on the task of reducing the number of
incorrectly assigned keywords, two other methods were examined. In these two
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experiments, combinations of classifiers were made for eachterm selection ap-
proach separately. In the first experiment,bagging(Breiman 1996) was applied,
that is, from a training set consisting ofn examples, a new set of the same size
is constructed by randomly drawingn examples with replacement. (Anexample
is a feature value vector for, in this case, each candidate term.) This procedure
is repeatedm times to createmclassifiers. Both voting, with varying numbers of
classifiers that should agree, as well as setting varying threshold values for the
number of maximum keywords to assign to each document in combination with
voting, was tried.

In the second unsuccessful experiment, the fact that the data set is unbalanced
was exploited. By varying the weights given to the positive examples for each
run, a set of classifiers was obtained. Thereafter voting wasapplied in the same
fashion as for the first unsuccessful experiment. In addition, a simple weighting
scheme was applied, where higher weights were given to classifiers that found
more correct keywords.

As the results for these experiments were poor, they are not presented here.
Although the number of false positives did decrease, too many of the true pos-
itives also disappeared. As these experiments did not succeed, it may be sus-
pected that the selected features are not enough to discriminate keywords from
non-keywords, at least not in this collection.

3.3 An example of automatically assigned keywords

An example of the automatic extraction will now be given. In Figure 1, an ab-
stract from the test set is shown together with both the manually assigned key-
words, as well as with the automatically assigned keywords using the majority
vote, with the subsumed keywords removed. In Figure 2, the keywords selected
by each individual classifier for this abstract are shown, while the keywords for
the three pairs are found in Figure 3. In the figures, the termsin bold are also
manually assigned keywords.

4 Conclusions and future work

The experiments and the evaluation presented in this chapter concerns automatic
keyword extraction. I have here shown how the number of automatically as-
signed keywords that are incorrect may be highly reduced, while the number of
correct keywords is still satisfactory, as measured by keywords assigned by pro-
fessional indexers. The improvement is achieved by taking the majority vote for
three classifiers, each trained on a different representation of the data. The rep-
resentations differ in how the terms are selected from the documents. The three
methods used are uni-, bi-, and trigrams;NP-chunks; and terms matching any of
a set ofPOSpatterns (see Hulth (2003) for details). If precision for some reason
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ABSTRACT

Lung metastasis detection and visualization onCT images: a knowledge-
based method. A solution to the problem of lung metastasis detection on
computed tomography (CT) scans of the thorax is presented. A knowledge-
based top-down approach for image interpretation is used. The method is
inspired by the manner in which a radiologist and radiotherapist interpret
CT images before radiotherapy is planned. A two-dimensional followed by a
three-dimensional analysis is performed. The algorithm first detects the
thorax contour, the lungs and the ribs, which further help the detection of
metastases. Thus, two types of tumors are detected: nodulesand metastases
located at the lung extremities. A method to visualize the anatomical
structures segmented is also presented. The system was tested on 20 patients
(988 total images) from the Oncology Department of La Chaux-de-Fonds
Hospital and the results show that the method is reliable as acomputer-
aided diagnostic tool for clinical purpose in an oncology department.

AUTOMATICALLY ASSIGNED KEYWORDS

clinical purpose; computed tomography; computer-aided diagnostic tool;
ct images; image interpretation; knowledge-based top-down; la chaux-de
-fonds hospital; lung metastasis detection; oncology; radiotherapist; three-
dimensional analysis; top-down approach; total images

MANUALLY ASSIGNED KEYWORDS

computed tomography; computer-aided diagnostic tool; ct images; image
interpretation; knowledge-based top-down approach; lungmetastasis
detection; oncology; thorax; three-dimensional analysis

Figure 1:An abstract with automatically and manually assigned keywords

is considered more important than the F-measure — if the assigned keywords
must have a high quality — a combination of eithern-grams andNP-chunks or
NP-chunks and patterns using an unanimity vote should be used instead.

In order to establish which errors that are specific for one term selection ap-
proach, while not present in the two other (that is, which types of errors are
avoided by taking the majority vote), all false positives from ten arbitrarily se-
lected documents in the validation set were collected. Unfortunately, it was dif-
ficult to categorise the errors made by each approach (as may be suspected when
looking at Figure 2). One of the few things that could be notedwas that some
of the terms selected by theNP-chunk classifier began with a determiner (for
example, ‘a given grammar’). These terms are rarely keywords, and are not ex-
tracted by the two other approaches (most determiners are stopwords, and are
not part of thePOS patterns). However, a more thorough investigation must be
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N-GRAMS

chaux-de-fonds; clinical purpose;computed tomography; computer-
aided diagnostic tool; ct images; knowledge-based method; knowledge-
based top-down;knowledge-based top-down approach; la chaux-de-
fonds hospital; lung extremities; lung metastasis; metastases; metastasis
detection;oncology; oncology department; ribs;three-dimensional
analysis; top-down approach; total images

NP-CHUNKS

988 total images; clinical purpose;computed tomography; ct; ct images;
image interpretation; la chaux-de-fonds hospital;lung metastasis
detection; radiotherapist

PATTERNS

chaux-de-fonds hospital;computer-aided diagnostic tool; department;
image interpretation; knowledge-based top-down; la chaux-de-fonds; lung
metastasis;lung metastasis detection; oncology; radiotherapist; thorax
contour;three-dimensional analysis; top-down approach; total images;
tumors

Figure 2:Assigned keywords for each term selection approach before the expert
combination

made, where also the selected keywords for each classifier are compared to all
candidate terms extracted from the documents before the classifier is applied, to
first establish which terms that are filtered out already on the classification level.

N-GRAMS + NP-CHUNKS

clinical purpose;computed tomography; ct images; la chaux-de-fonds
hospital

N-GRAMS + PATTERNS

computer-aided diagnostic tool; knowledge-based top down; lung
metastasis;oncology; three-dimensional analysis; top-down approach;
total images

NP-CHUNKS + PATTERNS

image interpretation; lung metastasis detection; radiotherapist

Figure 3:Assigned keywords for each pair of the term selection approaches
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An alternative to taking the majority vote, could be to rank the keywords ac-
cording to how many of the individual classifiers that agree upon a candidate
term being a keyword, thus obtaining a probabilistic output. First the classifiers
would need to be ranked internally according to their previous performance. A
threshold value for the maximum number of keywords to assignto each docu-
ment would then have to be set, either by the system or by a user.

When inspecting the automatically assigned keywords, it may be concluded
that using keywords assigned by one professional indexer asthe gold standard
for the evaluation does not always give justification to the models. Many auto-
matically selected keywords have a clear relation to the subject at hand, although
not chosen by the human for one reason or another. Alternatives to this type of
evaluation are currently under investigation.
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Socrates: A Question Answering Prototype
for Bulgarian

HRISTO T. TANEV

ITC-irst, Trento

Abstract
In this paper we presentSocrates - a prototype of aQA system for the
Bulgarian language. The system exploits both encyclopaedic resources and
information found on the web. The approach uses linguistic patterns and
indicators to rank the results obtained from the web. An encyclopaedic
virtual databaseVIDA was created to provide uniform interface to different
on-line and offline encyclopaedic resources. The system wastested on 100
questions fromTREC2001 translated in Bulgarian. The system answered
correctly 52 of them.

1 Introduction

Open domain Question Answering (QA) is a research area which aims at effec-
tive information retrieval rather than just document retrieval (Hirschman 2001).
The goal of an open domainQA system is to identify the answer to a domain-
independent question either on the web (Bucholz 2001) or in alocal document
collection (Voorhees 2001). QA systems are presented with natural language
questions and the expected output is either the actual answer identified in a text
or small text fragments containing the answer.

Under the promotion of theTREC competitions, Open Domain Question An-
swering has emerged as a new research topic in the field of Information Retrieval
(Voorhees 2001). However, current approaches for Information Extraction and
Question Answering (QA) are oriented mainly toward the English language. This
contrasts with the situation on the web where a great number of languages are
represented. People speaking different languages access the Internet millions of
times every day, searching for information. Very often specific information is
available only in some other language than English.

Multilingual QA was introduced as a new task in theCLEF 2003 (Cross Lan-
guage Evaluation Forum) (http://clef-qa.itc.it ); QA tasks for different
European languages were promoted inCLEF: English, French, Dutch, Italian
and Spanish. However, many languages, among them Bulgarian, remain out of
the focus of such forums, although there is a significant amount of information
on the web and other machine readable sources written in these languages. No
previous work has addressed the problems of open domain Question Answering
from sources in Bulgarian and other Slavonic languages.
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This paper presents work in progress in the area of open domain QA for Bul-
garian. A prototype of aQA system was built which answers to three types of
questions: definition questions, Where-Is questions and temporal questions. The
system was tested on 100 questions fromTREC 2001, translated in Bulgarian;
the system answered correctly 52 of them.

2 Overview

Socrates is a prototype of an open domainQA system for Bulgarian which
uses both encyclopaedic resources and information on the web to find answers
to questions in the Bulgarian language. The use of heterogeneous information
sources which have different levels of coverage and structure are important for
high precisionQA. For example, the search for the date of the beginning of the
World War II in an encyclopaedia will be relatively easy since only the entry
about the World War II should be analysed, while the search onthe web for the
same information will return a lot of documents which tell about the war. How-
ever, when the answer is not found in the encyclopaedia aQA system may find
relevant documents on the web, which has broader coverage.

Socrates combines pattern based techniques for question answering (Ravi-
chandran & Hovy 2002, Soubbotin & Soubbotin 2002), linguistic analysis and
vector searchIR from pre-processed encyclopaedic database. TheLINGUA lan-
guage engine for Bulgarian (Tanev & Mitkov 2002) is in the core of the linguistic
processing inSocrates.

The system does not perform named entity recognition, nor does it use any
semantic information. The core of the approach lies in applying manually cre-
ated linguistic patterns on text retrieved from the web and use of encyclopaedic
resources.

2.1 Question types

Currently, the prototype is able to answer three classes of questions:

Definition questions, which ask for a definition of a noun, noun phrase or a
person name. Examples for definition questions are “Kakvo e kofein?” (“What
is caffeine?”) , “Koy e Galileo?” (“Who is Galileo?”). Each question of this
type has afocus- a word or a phrase for which we search for a definition. For
example, “kofein”(“caffeine”) and “Galileo” are the focuses of the two questions
shown hereabove. In theTREC 2001QA track about 20% of the questions were
definition questions. The organisers of theQA track explained this fact with the
large number of definition questions in the FAQ lists on the web.

Where-Is questions. These questions are built according to the pattern:
Kade ehNPi? (Where ishNPi?) wherehNPi stands for a noun phrase. Such
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a question type is used when the user searches for the location of a city, island,
state, landmark, etc.

Temporal questions. This class of questions ask for a date of event. In con-
trast with the Where-Is questionsSocrates accepts temporal questions without
any restriction on the syntactic form. An example of temporal question is the
question: “Koga e potanal Titanik?” (“When did the Titanic sink?”)

2.2 The system architecture

A traditionalQA system uses the following modules:
1. Question processing and question type identification
2. Document retrieval
3. Document processing
4. Answer extraction and ranking from the retrieved documents

Question processing.The user chooses from a menu the question stem, thus
defining the type of the question. For example, to ask for a definition question,
the item “Definition questions” is selected from the main menu and then the user
can choose between one of the question stems: “Kakvo e” (“What is”), “Koy
e” (“Who is”) or “Koya e” (“Who is”) (feminine); then, the rest of the ques-
tion is entered. For the Definition questionsSocrates generates all the possible
morphological forms of the word or phrase which is the focus of the question.
For the temporal questions part-of-speech tagging is performed to identify the
content words.

Document retrieval. Socrates performs information retrieval from two
sources: the virtual encyclopaedic databaseVIDA and the web. Document re-
trieval has two stages: First,Socrates searchesVIDA entries which may answer
the question and then a query is sent to the GoogleAPI (http://www.google.
com/apis ). Socrates takes the document snippets returned by the search en-
gine, it also downloads the top-ranked documents.

Document processing.Socrates performs sentence splitting, part-of-speech
tagging and noun phrase extraction on the results returned from Internet. The
language engineLINGUA (Tanev & Mitkov 2002) is used to perform this pro-
cessing.Socrates performs pattern matching on the linguistic structures built
by the language engine in order to score and rank them with respect to their
relevance.

Answer extraction and ranking. Socrates performs sentence level answer
extraction from the Google snippets and documents. When thesource of the
answer is a Google snippet, the system returns a text fragment, not the whole
sentence.

If an entry is found inVIDA which may contain the answer, the whole entry
is returned, because theVIDA entries are compact in size and usually no further
restriction of the context is necessary.
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Answer ranking takes into account the source of the answers and the presence of
linguistic patterns in the answer context. If results are found in the encyclopaedic
databaseVIDA they are ranked first, since the search in this resource is more
reliable than the same search on the web. Next, the results from the web are
ordered according to the score obtained from a pattern matching procedure. A
set of linguistic and statistical clues, called indicators, is used together with the
patterns to rank the results from Internet.

Socrates returns a a list of sentences or fragments containing the answer and
also links to the documents from which the answers have been extracted. For the
definition questions the user can also choose a set of web addresses returned
from the system, for whichSocrates scans the pages and extracts all the text
contexts in which the definition focus appears.

3 Pattern-based answer extraction

The system uses manually created linguistic patterns to retrieve from the web
fragments containing candidate answers. The patternswerecreated after study-
ing morpho-syntactic structures which appear in the answers to different question
types (currently location and definition questions). Afterapplying the patterns,
the extracted answering fragments are sorted using a systemof rules for quanti-
tative evaluation.

Patterns are used for two types of questions: definition questions and “Kade
e” (“Where is”) questions. Regarding the definition questions, some studies point
out that the pattern approach is very appropriate for these types of questions
(Ravichandran & Hovy 2002).Socrates makes use of linguistic patterns and
rules, which consider syntactic, morphological and lexical information in the
answer context. The system also considers the frequencies of the elements which
appear in the patterns. As no semantic resources are available for Bulgarian and
no named entity recognition is performed by the system,Socrates relies entirely
on syntactic, statistical clues, and a list of important definition words to extract
and rank the text fragments containing the answer.

Socrates extracts answer-containing fragments by matching the processed
documents with a set of patterns relevant to the question type. Then, a set of
linguistic indicators are activated for every candidate. These indicators give a
positive or negative score to every candidate fragment. Thescore from all the in-
dicators are summed up and the sentences are accepted or rejected on the basis of
that score. For example one of the definition question indicators “auxiliary verb
definition” which gives a positive score is activated when all of the following
conditions hold:

(1) The pattern isX ehNPi (X is hNPi) or X sahNPi (X arehNPi);
(2) X has male gender andhNPi has male gender, or X has neutral or female

gender;
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(3) both X andhNPi are singular or plural and their number coincides with the
number of the auxiliary verb;

(4) no other noun phrase includes in itselfhNPi; and
(5) there is no preposition before X.

This indicator is activated when a typical definition is found: “slanchevite petna
sa oblasti vav fotosferata s niska temperatura” (“The sunspots are low temper-
ature zones in the photosphere”). If we search for the answerto the question
“Kakvo e lunata?” (“What is the Moon?”) the indicator will beactivated for
phrases like: “Lunata e edinstveniat estestven spatnik na zemiata” (“The Moon
is the only natural satellite of the Earth”), but will not be activated when the
following phrase is encountered: “Orbitata na lunata e elipsa” (“The orbit of
the Moon is an ellipse”) In this case constraint 5 will impedethe indicator from
activating.

For answering definition questions for persons (e.g., “Who is Galileo?”) we
used an additional resource - a word list in which three groups of words are
present: verbs, nouns and adjectives which tend to appear frequently in defini-
tion fragments. All these words are used when famous people and events are
described. For example words like “medal”, “nagrada”(“prize”), “champion”
are used when describing some famous sportsman. We created manually this list
of words after studying the lexical peculiarities of the definitions in Bulgarian
language.

A statistical indicator is applied when fragments matchingWhere-Is patterns
are evaluated. This indicator returns the frequency with which a capitalised word
appears as a location in fragments which match Where-Is patterns.

For example if the question is: “Kade e Sofia?” (“Where is Sofia?”) Given
these fragments: “. . . konferenciata v Sofia, Balgaria, . . . ”, “. . . Posetete Sofia
v Balgaria . . . ”, “. . . Sofia (Balgaria) e grad . . . ” The statistical indicators will
give a score 3 to the candidate “Balgaria” (Bulgaria), because it appears in three
fragments which match Where-Is patterns.

4 Virtual database VIDA

The use of encyclopaedic resources inQA is a technique which was used success-
fully in some systems likeSTART (http://www.ai.mit.edu/projects/
infolab/ ) (Katz & Lin 2002) or MultiText (Clarke, Cormack & Kemkes
2003). Information Retrieval from such resources has usually higher precision
than Information Retrieval from the entire web. Lin et al. (2003) points out that
47% of theTREC 2001 questions can be answered using dictionaries and ency-
clopaedias found in the web.

Encyclopaedic resources can be used offline or online. Online encyclopaedic
resources are web dictionaries and the encyclopaedic Internet sites, such as bi-
ography.com orCIA factbook (Lin et.al. 2003). The problem with the offline
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resources is that they do not change over time, therefore theinformation in them
may soon become old. The online resources, on the other hand,can occasionally
change their interface, disappear from the web, become slowto access and so
on. The research in that field (Katz & Lin 2002) shows that the most successful
approach is the one which switches between these two alternatives. Omnibase,
used to backup theSTART QA system, creates local uniform indices of different
online encyclopaedic resources.

We created the encyclopaedic databaseVIDA (VIrtualDAtabase) to serve as a
knowledge source forSocrates. It is a collection of encyclopaedic resources ac-
cessible online or downloaded from the web. A unique index ofall the resources
was built which provides an interface both to offline and online resources.

While a lot of online encyclopaedias in different areas can be found in En-
glish language, it is more difficult to find such online information sources for
Bulgarian. However, we discovered different web pages and sites which contain
comprehensive information about historic events, actors,films, astronomy and
other areas. We believe that as the web increases in size, theamount of such
resources will increase.

CurrentlyVIDA incorporates four encyclopaedic resources: a Calendar of the
Historic Events, an Astronomical Dictionary, an Encyclopaedia of Actors and a
Dictionary of Computer Abbreviations. The historic calendar and the computer
abbreviations dictionary were downloaded from the web; thepage with the main
entries of the astronomical dictionary was also downloadedbut only links to the
pages which give more comprehensive details about the entries were stored in
the database; the encyclopaedia of actors was not downloaded, instead we built
an index with all the actors for which information is available in this site and
stored in the database a link to the biographical page for every actor.

Different levels of indexing were applied to the different resources inVIDA .
For three of the resources we indexed only the terms which aretitles of the main
entries and not the entries themselves. That is, we added toVIDA main index only
the terms which appear as titles of entries. For example, forthe astronomical dic-
tionary we indexed the astronomical terms (sun, solar eclipse, Mars), (providing
each term with a reference to its definition), but did not index the definitions.
Therefore we use these three resources only for answers to definition questions.
We processed and indexed all the words from the whole entriesof the historical
calendar, where every word is represented in the index with its basic form and its
weight obtained viaTF.IDF. This way, the historical calendar is used to reply to
temporal questions.

4.1 Answering temporal questions using VIDA

VIDA incorporates a calendar of historic events which backups answer extraction
for temporal questions.
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While definition and Where-Is questions can be answered successfully search-
ing on the web with patterns, temporal questions may have different syntactic
structure and therefore it is not possible to build general patterns for the whole
question class. We used two techniques for answering these questions. First, we
perform vector search inVIDA — we search for answers to temporal questions
in the Calendar of historic events. Next, we submit a query toGoogleAPI with
the keywords from the question and rank the snippets according to the number
of keywords which appear in them. We found that for theTREC 2001 temporal
questions a simple vector search in the historic calendar worked much better than
searching the answer with Google.

The Calendar of historic events represents a list of all the days in the year,
each day has a list of important historic events which took place on that day. We
pre-processed the entries of the calendar with the part-of-speech tagger ofLIN -
GUA (Tanev & Mitkov 2002) and built an index where every event is represented
together with the date when it happened and a list of the base forms of the con-
tent words which describe the event, where every word is supplied with a weight
calculated viaTF.IDF. In this way a vector space model was implemented (Man-
ning & Schütze 1999) to represent the events described in the Calendar. We also
represent as a vector the question where for every content word weight is defined
according to its part of speech and its capitalisation. Thisway if a questionq
is submitted to the system with keywordsfqig, for every entry from the historic
calendar with keywordsfaig the cosine between the vectors of the question and
the calendar entry may be calculated using the following formula:Pi;jjqi=aj weight(qi):weight(aj)pPiweight(qi)2qPj weight(aj)2
whereweight(k) is the weight of the keywordk. Calendar entries which score
above a certain threshold with this formula are suggested tothe user as possible
answers; the entries are ranked according to their score.

5 Combining patterns and encyclopaedic resources

Socrates searches answers to every question first inVIDA and then on the
web. Results obtained fromVIDA are ranked higher since the search in the
encyclopaedic database has higher precision (this was demonstrated in our ex-
periments on system performance evaluation). Similar approach for combining
structured information sources and the web is adopted in Linet al. (2003).
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Socrates Baseline Difference
Definition 0.447 0.338 0.109
Where-Is 0.417 0.191 0.226
Temporal 0.409 0.100 0.309
Total 0.433 0.261 0.172

Table 1:MRRof Socrates, MRRof the baseline model and their difference

6 Evaluation

We translated in Bulgarian 100 questions fromTREC 2001: 61 definition ques-
tions, 22 temporal questions and 17 Where-Is questions.

We ran the system on this test set. We applied the metrics usedby theTREC
2001 judges: We considered only the top five ranked answers. For every answer
we calculated the Mean Reciprocal Rank (MRR). If the right answer was ranked
first it is given score 1, if second — 0.5, if third — 0.333, if fourth — 0.25
and if fifth — 0.2. The total score from all the questions was then divided by
the number of questions; in this way we obtained aMRR which was between 0
and 1.

Next we defined a baseline model: for every question we submitted to Google
the query generated by the system for that question. We considered the top five
snippets returned by Google and found theMRR for each Google response in the
way described above.

Socrates answered correctly 52 questions obtaining aMRR of 0.43. The
baseline model found answers to 38 questions and obtained aMRR of 0.26. Ta-
ble 1 gives theMRR of the performance ofSocrates, the baseline model and
their difference by question type an in total.Socrates performs best on defi-
nitions questions. However, the baseline model has also high performance on
this question class. Therefore, the difference betweenSocrates and the baseline
model is about 0.11.Socrates has lowest performance on temporal questions,
however it outperforms the baseline model with about 0.31 for this question type,
which is the biggest difference between the system performance and the baseline
model. The use of encyclopaedic resources countributes exclusively to the per-
formance of the system on the temporal questions as all the correct responses to
temporal questions were taken from the encyclopaedic databaseVIDA . In con-
trast, the answers to the defintion and Where-Is questions were extracted from
the Google snippets using patterns and no answers were foundin VIDA .

Table 2 shows examples of answers which the system has extracted from
the web . The original questions and answers were in Bulgarian, here also their
English translations are shown.

As it can be seen from the examples,Socrates returns sentences or frag-
ments of sentences (when they are taken from the Google snippets) which con-
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Question Answer
Kakvo e epilepsiata? Epilepsiata e hronichno zaboliavane na

glavnia mozak
(What is epilepsy?) (Epilepsy is a brain illness)
Koy e Duk Elingtan? Duk Elingtan e nai-golemiat kompozitor

v istoriata na jaza, koito...
(Who is Duke Ellington?) (Duk Ellington is the greatest composer

in the jazz history which...)
Kade e Efrat? r.Efrat v severna mesopotamia
(Where is Euphrates?) (Euphrates River in Northern Mesopotamia)
Kade e Golemiat Kanion? niuyorkskia central park...

Golemiat Kanion v Kolorado
(Where is the Great Canyon?) (the New York Central Park...

the Great Canyon in Colorado)

Table 2:Examples of answers returned bySocrates (English translations in
parenthesis)

tain the answer rather than the exact answer itself. However, the presence of
small pieces of redundant information (e.g., the last example in Table 2) does
not affect seriously the clarity of answers representation.

7 Conclusions

We presented a prototype of a webQA system for the Bulgarian language. The
system was able to answer more than half of the questions fromthe test set, its
Mean Reciprocal Rank is 0.17 above the baseline model. The results are promis-
ing and show that pattern based Question Answering is efficient approach which
should be studied further. The results demonstrate also that integration of ency-
clopaedic resources in aQA system can significantly increase its performance.

We intend to extend the range of the question types to which our system
is able to answer. Automatic question type identifier and more precise ques-
tion processor will be integrated in the system. Named entity recognition may
improve the performance ofSocrates. We intend to find synonyms and para-
phrases of the most used Bulgarian verbs with corpus based techniques and to
integrate this information into our system. We are also considering enlarging our
encyclopaedic databaseVIDA with new resources. Finally, we intend to make our
system available on the web as an alternative to the conventional search engines.
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Unsupervised Natural Language Disambiguation
Using Non-Ambiguous Words

RADA M IHALCEA

University of North Texas

Abstract
This chapter describes an unsupervised approach for natural language dis-
ambiguation, applicable to ambiguity problems where classes of equiva-
lence can be defined over the set of words in a lexicon. Lexicalknowl-
edge is induced from non-ambiguous words via classes of equivalence and
enables the automatic generation of annotated corpora. Theonly require-
ments are a lexicon and a raw textual corpus. The method was tested on
two natural language ambiguity tasks in several languages:part of speech
tagging (English, Swedish, Chinese) and word sense disambiguation (En-
glish, Romanian). Classifiers trained on automatically constructed corpora
were found to have a performance comparable with classifiersthat learn
from expensive manually annotated data.

1 Introduction

Ambiguity is inherent to human language. Successful solutions for automatic
resolution of ambiguity in natural language often require large amounts of anno-
tated data to achieve good levels of accuracy. While recent advances in Natural
Language Processing (NLP) have brought significant improvements in the perfor-
mance ofNLP methods and algorithms, there has been relatively little progress
on addressing the problem of obtaining annotated data required by some of the
highest-performing algorithms. As a consequence, many of today’sNLP appli-
cations experience severe data bottlenecks. According to recent studies (e.g.,
Banko & Brill 2001), theNLP research community should“direct efforts to-
ward increasing the size of annotated data collections”, since large amounts of
annotated data are likely to significantly impact the performance of current algo-
rithms.

For instance, supervised part of speech tagging on English requires about 3
million words, each of them annotated with their corresponding part of speech,
to achieve a performance in the range of 94-96%. State-of-the-art in English syn-
tactic parsing is close to 88-89%, obtained by training parser models on a corpus
of about 600,000 words, manually parsed within the Penn Treebank project, an
annotation effort that required 2 man-years of work (Marcus1993). Increased
levels of problem complexity result in increasingly severedata bottlenecks. The
data created so far for supervised English word sense disambiguation consist of
tagged examples for about 200 ambiguous words. At a throughput of one tagged
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example per minute (Edmonds 2000), with a requirement of about 500 tagged ex-
amples per word (Ng 1996), and with 20,000 ambiguous words inthe common
English vocabulary, this leads to about 160,000 hours of tagging – nothing less
but 80 man-years of human annotation work. Information extraction, anaphora
resolution and other tasks also strongly require large annotated corpora, which
often are not available, or can be found only in limited quantities.

Moreover, problems related to lack of annotated data multiply by an order
of magnitude when languages other than English are considered. The study of a
new language (from about 7,200 different languages spoken worldwide) implies
a similar amount of work in creating annotated corpora required by the super-
vised applications in the new language.

In this chapter, we describe a framework for unsupervised corpus annotation,
applicable to ambiguity problems where classes of equivalence can be defined
over the set of words in a lexicon. Part of speech tagging, word sense dis-
ambiguation, named entity disambiguation, are examples ofsuch applications,
where the same tag can be assigned to a set of words. In part of speech tagging,
for instance, anequivalence classcan be represented by the set of words that
have the same functionality (e.g., noun). In word sense disambiguation, equiva-
lence classes are formed by words with similar meaning (synonyms). The only
requirements for this algorithm are a lexicon that defines the possible tags for
each word, and a large raw corpus.

The underlying idea is based on the distinction betweenambiguousandnon-
ambiguouswords, and the knowledge that can be induced from the latter to the
former via classes of equivalence. When building lexicallyannotated corpora,
the main problem is represented by the words that, accordingto a given lexicon,
have more than one possible tag. These words areambiguousfor the specific
NLP problem. For instance,“work” is morphologically ambiguous, since it can
be either a noun or a verb, depending on the context where it occurs. Similarly,
“plant” carries on a semantic ambiguity, having both meanings of“factory”
or “living organism” . Nonetheless, there are also words that carry only one
possible tag, which arenon-ambiguousfor the givenNLP problem. Since there is
only one possible tag that can be assigned, the annotation ofsuchnon-ambiguous
words can be accurately performed in an automatic fashion. Our method for
unsupervised natural language disambiguation relies precisely on this latter type
of words and on the equivalence classes that can be defined among words with
similar tags.

Shortly, for anambiguousword W, an attempt is made to identify one or
morenon-ambiguouswordsW’ in the same class of equivalence, so thatW’ can
be annotated in an automatic fashion. Next, lexical knowledge is induced from
thenon-ambiguouswordsW’ to theambiguous words Wusing classes of equiv-
alence. The knowledge induction step is performed using a learning mechanism,
where the automatically partially tagged corpus is used fortraining to annotate
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new raw texts including instances of the ambiguous wordW.
Related work in unsupervised or semi-supervised corpus annotation includes

active learning(Dagan 1995),co-training(Blum & Mitchell 1998),self-training
(Yarowsky 1995),counter-training(Yangarber 2003).

The chapter is organized as follows. We first present our unsupervised ap-
proach for building lexically annotated corpora and show how knowledge can
be induced fromnon-ambiguouswords via classes of equivalence. The method
is evaluated on two natural language disambiguation tasks in several languages:
part of speech tagging for English, Swedish and Chinese, andword sense disam-
biguation for English and Romanian.

2 Equivalence classes for building annotated corpora

The method introduced in this chapter relies on classes of equivalence defined
amongambiguousandnon-ambiguouswords. The method assumes the avail-
ability of: (1) a lexicon that lists the possible tags a word might have, and (2) a
large raw corpus. The algorithm consists of the following three main steps:

(1) Given a setT of possible tags, and a lexiconL with wordsWi, i=1,jLj,
each wordWi admitting the tagsTj, j=1,jWij, determine equivalence classesCTj , j=1,jT j containing all words that admit the tagTj.

(2) Identify in the raw corpus all instances of words that belong to only one
equivalence class. These arenon-ambiguouswords that represent the start-
ing point for the annotation process. Each suchnon-ambiguousword is
annotated with the corresponding tag fromT .

(3) The partially annotated corpus from step 2 is used to learn the knowledge
required to annotate ambiguous words. Equivalence relations defined by
the classes of equivalenceCTj are used to determineambiguouswordsWi
that are equivalent to the already annotated words. A label is assigned to
each such ambiguous word by applying the following steps:

(a) Detect all classes of equivalenceCTj that include the wordWi.
(b) In the corpus obtained at step 2, find all examples that areannotated

with one of the tagsTj.
(c) Use the examples from the previous step to form a trainingset, and

use it to classify the current ambiguous instanceWi.
For illustration, consider the process of assigning a part of speech label to the
word “work” , which may assume one of the labelsNN (noun) orVB (verb).
We identify in the corpus all instances of words already annotated with one of
these two labels. These instances constitute training examples, annotated with
one of the classesNN or VB. A classifier is then trained on these examples, and
used to automatically assign a label to the current ambiguous word“work” . The
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following sections detail on the features extracted from the context of a word to
create training/test examples.

3 Evaluation

The method was evaluated on two natural language ambiguity problems. The
first one is apart of speech tagging task, where a corpus annotated with part of
speech tags is automatically constructed. The annotation accuracy of a classifier
trained on automatically labeled data is compared against abaseline that assigns
by default the most frequent tag, and against the accuracy ofthe same classifier
trained on manually labeled data.

The second task is asemantic ambiguity problem, where the corpus construc-
tion method is used to generate a sense tagged corpus, which is then used to
train a word sense disambiguation algorithm. The performance is again com-
pared against the baseline, which assumes by default the most frequent sense,
and against the performance achieved by the same disambiguation algorithm,
trained on manually labeled data.

The precisions obtained during both evaluations are comparable with their
alternatives relying on manually annotated data, and exceed by a large margin
the simple baseline that assigns to each word the most frequent tag. Note that
this baseline represents in fact a supervised classification algorithm, since it relies
on the assumption that frequency estimates are available for tagged words.

Experiments were performed on several languages. The part of speech corpus
annotation task was tested on English, Swedish and Chinese;the sense annota-
tion task was tested on English and Romanian.

3.1 Part of speech tagging

The automatic annotation of a raw corpus with part of speech tags proceeds as
follows. Given a lexicon that defines the possible morphological tags for each
word, classes of equivalence are derived for each part of speech. Next, in the
raw corpus, we identify and tag accordingly all the words that appear only in one
equivalence class (i.e.,non-ambiguouswords). On average (as computed over
several runs with various corpus sizes), about 75% of the words can be tagged
at this stage. Using the equivalence classes, we identify ambiguous words in
the corpus, which have one or more equivalentnon-ambiguouswords that were
already tagged in the previous stage. Each occurrence of such non-ambiguous
equivalents results in a training example. The training setderived in this way is
used to classify the ambiguous instances.

For this task, a training example is formed using the following features:
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(1) two words to the left and one word to the right of the targetword, and their
corresponding parts of speech (if available, or “?” otherwise);

(2) a flag indicating whether the current word starts with an uppercase letter;
(3) a flag indicating whether the current word contains any digits;
(4) the last three letters of the current word.

For learning, we use a memory based classifier — TiMBL (Daelemans 2001).
For each ambiguous wordWi defined in the lexicon, we determine all the

classes of equivalenceCTj to which it belongs, and identify in the training set
all the examples that are labeled with one of the tagsTj. The classifier is then
trained on these examples, and used to assign one of the labelsTj to the current
instance of the ambiguous wordWi.

The unknown words (not defined in the lexicon) are labeled using a simi-
lar procedure, but this time assuming that the word may belong to any class of
equivalence defined in the lexicon. Hence, the set of training examples is formed
with all the examples derived from the partially annotated corpus.

The unsupervised part of speech annotation is evaluated in two ways. First,
we compare the annotation accuracy with a simple baseline, that assigns by de-
fault the most frequent tag to each ambiguity class. Second,we compare the
accuracy of the unsupervised method with the performance ofthe same tagging
method, trained on manually labeled data. In all cases, we assume the availabil-
ity of the same lexicon. Experiments and comparative evaluations are performed
on English, Swedish and Chinese.

3.1.1 Part of speech tagging for English

For the experiments on English,we use the Penn Treebank WallStreet Journal
part of speech tagged texts. Section 60, consisting of about22,000 tokens, is set
aside as a test corpus; the rest is used as a source of text datafor training. The
training corpus is cleaned of all part of speech tags, resulting in a raw corpus
of about 3 million words. To identify classes of equivalence, we use a fairly
large lexicon consisting of about 100,000 words with their corresponding parts
of speech.

Several runs are performed, where the size of the lexically annotated corpus
varies from as few as 10,000 tokens, up to 3 million tokens. Inall runs, for
both unsupervised or supervised algorithms, we use the samelexicon of about
100,000 words.

Table 1 lists results obtained for different training sizes. The table lists: the
size of the training corpus, the part of speech tagging precision on the test data
obtained with a classifier trained on (a) automatically labeled corpora, or (b)
manually labeled corpora. For a 3 million words corpus, the classifier relying on
manually annotated data outperforms the tagger trained on automatically con-
structed examples by 2.3%. There is practically no cost associated with the latter
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Training Evaluation on test set
corpus Training corpus built
size automatically manually

0 (baseline) 88.37%
10,000 92.17% 94.04%
100,000 92.78% 94.84%
500,000 93.31% 95.76%

1,000,000 93.31% 96.54%
3,000,000 93.52% 95.88%

Table 1:Corpus size and precision on test set using automatically ormanually
tagged training data(English)

tagger, other than the requirement of obtaining a lexicon and a raw corpus, which
eventually pays off for the slightly smaller performance.

3.1.2 Part of speech tagging for Swedish

For the Swedishpart of speech tagging experiment, we use text collections rang-
ing from 10,000 words up to to 1 million words. We use the Stockholm Umea
Corpus (SUC) corpus (www.ling.su.se/staff/sofia/suc/suc.html ),
and again a lexicon of about 100,000 words. The tagset is the one defined in
SUC, and consists of 25 different tags.

As with the previous English-based experiments, the corpusis cleaned of part
of speech tags, and run through the automatic labeling procedure. Table 2 lists
the results obtained using corpora of various sizes. The accuracy continues to
grow as the size of the training corpus increases, suggesting that larger corpora
are expected to lead to higher precisions.

Training Evaluation on test set
corpus Training corpus build
size automatically manually

0 (baseline) 83.07%
10,000 87.28% 91.32%
100,000 88.43% 92.93%
500,000 89.20% 93.17%

1,000,000 90.02% 93.55%

Table 2:Corpus size and precision on test set using automatically ormanually
tagged training data(Swedish)

A similar experiment was run for Chinese.A lexicon of about 10,000 entries was
derived from the Chinese Treebank. Using manually labeled data (an annotated
corpus of about 100,000 tokens), an accuracy of 87.5% was measured on a data
set of about 10,000 tokens. With the automatically labeled corpus, the perfor-
mance on the same set was measured at 82.05%. When the raw training set is
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augmented to about 2 million tokens, the precision of unsupervised annotation
raises to 87.05%.

The conclusion drawn from these three experiments is that non-ambiguous
words represent a useful source of knowledge for the task of part of speech tag-
ging. The results are comparable with previously explored methods in unsuper-
vised part of speech tagging: Cutting (1992) and Brill (1995) report a precision
of 95-96% for part of speech tagging for English, using unsupervised annota-
tion, under the assumption that all words in the test set are known. Under a
similar assumption (i.e., all words in the test set are included in the lexicon), the
performance of our unsupervised approach raises to 95.2%.

3.2 Word sense disambiguation

The annotation method was also evaluated on a word sense disambiguation prob-
lem. Here, the equivalence classes consist of words that aresemantically related.
Such semantic relations are often readily encoded in semantic networks, e.g.,
WordNet or EuroWordNet, and can be induced using bilingual dictionaries.

First, one or morenon-ambiguousequivalents are identified for each possible
meaning of the ambiguous word considered. For instance, thenoun “plant” ,
with the two meanings of“living organism” and “manufacturing plant”, has
the monosemous equivalents“flora” and“industrial plant” .

Next, the monosemous equivalents are used to extract several examples from
a raw textual corpus, which constitute training examples for the semantic anno-
tation task. The feature set used for this task consists of a surrounding window
of two words to the left and right of the target word, the verbsbefore and after
the target word, the nouns before and after the target word, and sense specific
keywords. Similar with the experiments on part of speech tagging, we use the
TiMBL memory based learner.

The performance obtained with the automatically tagged corpus is evaluated
against: (1) a simple baseline, which assigns by default themost frequent sense
(as determined from the training corpus); and (2) a supervised method that learns
from manually annotated corpora (the performance of the supervised method is
estimated through ten-fold cross validations)
For the English task,monosemousequivalents for six ambiguous words were
determined based on WordNet synsets. The raw corpus consists of the British
National Corpus, with about 100 million words, containing news article, sci-
entific reports, novels, and spoken transcripts. Each monosemous equivalent is
used to extract several examples (consisting of 4 sentencessurrounding the focus
word), up to a maximum of 100 examples per word sense.

Table 3 lists the six ambiguous words, the size of the training corpus auto-
matically generated, the precision obtained on the test setusing: (1) a simple
heuristic that assigns the most frequent sense to all instances; (2) the classifier
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Most Disambig. precision
Train. Test freq. Training corpus

Word corpus size sense auto. manual
bass 107 107 90.65% 92.52% 90.65%
crane 200 95 74.73% 71.57% 81.05%
motion 200 200 70.14% 75.62% 88.05%
palm 200 200 71.14% 80.59% 87.06%
plant 200 188 54.36% 69.14% 76.59%
tank 100 200 62.69% 63.69% 76.61%
AVERAGE 184 171 70.61% 76.60% 83.35%

Table 3:Corpus size, disambiguation precision using most frequentsense, and
using automatically or manually sense tagged data (English)

trained on (2a) automatically generated corpora, or (2b) manually labeled data.1

The disambiguation accuracy clearly exceeds the baseline,even for such
small amounts of annotated corpora. While previous resultsreported in the liter-
ature for these words are sometimes larger (e.g., Yarowsky (1995)), note that the
size of our corpus is limited to at most 100 examples per word sense, to allow
for a one-to-one comparison with supervised methods (as opposed to thousands
of annotated examples). Moreover, to avoid the bias introduced by the “one
sense per discourse” paradigm, the examples that were manually annotated were
selected exclusively from individual BNC texts.

Similar disambiguation experiments were also performed onRomanian.Since
a Romanian WordNet is not yet available,monosemousequivalents for five am-
biguous words were hand-picked by a native speaker using a paper-based dictio-
nary. The raw corpus consists of a collection of Romanian newspapers collected
on the Web over a three years period (1999-2002).

The monosemous equivalents are used to extract several examples, again with
a surrounding window of 4 sentences. An interesting problemthat occurred in
this task is the gender, which may influence the classification decision. To avoid
possible miss-classifications due to gender mismatch, the native speaker was in-
structed to pick the monosemous equivalents such that they all have the same
gender (which is not necessarily the gender of their equivalentambiguousword).
Next, thenon-ambiguouswords are replaced with theirambiguousequivalent,
and consequently we obtain a corpus annotated with sense tags.

Table 4 lists the five ambiguous words, their monosemous equivalents, the
size of the training corpus automatically generated, and the precision obtained on
the test set using the simple most frequent sense heuristic and the instance based
classifier. Again, the classifier trained on the automatically labeled data exceeds
by a large margin the simple heuristic that assigns the most frequent sense by1 The manually annotated corpus for these words is available from

http://www.cs.unt.edu/˜rada/downloads.html



UNSUPERVISED NATURAL LANGUAGE DISAMBIGUATION 395

default. Since the size of the test set created for these words is fairly small (50
examples or less for each word), the performance of a supervised method could
not be estimated.

Training Most freq. Disambig.
Word English translations size sense precision
volum book/quantity 200 52.85% 87.05%
galerie museum/tunnel 200 66.00% 80.00%
canal channel/tube 200 69.62% 95.47%
slujba job/service 67 58.8% 83.3%
vas container/ship 164 60.9% 91.3%

AVERAGE 166 61.63% 87.42%

Table 4:Corpus size, disambiguation precision using most frequentsense, and
using automatically sense tagged data (Romanian)

For an average training size of 164 examples per word, the annotation accuracy
for this data set of five words was evaluated at 87.42%, compared to the most
frequent sense baseline of 61.63%.

4 Conclusions

This chapter introduced a framework for unsupervised natural language disam-
biguation, applicable to ambiguity problems where classesof equivalence can
be defined over the set of words in a lexicon. Lexical knowledge is induced
from non-ambiguous words via classes of equivalence, and enables the auto-
matic generation of annotated corpora. The only requirements are a dictionary
and a raw textual corpus. The method was tested on two naturallanguage ambi-
guity tasks, on several languages. In part of speech tagging, classifiers trained on
automatically constructed training corpora performed at accuracies in the range
of 88-94%, depending on training size, comparable with the performance of the
same tagger when trained on manually labeled data. Similarly, in word sense dis-
ambiguation experiments, the algorithm succeeds in creating semantically anno-
tated corpora, which enable good disambiguation accuracies. In future work, we
plan to investigate the application of this algorithm to very, very large corpora,
and evaluate the impact on disambiguation performance.
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Sandra Küblerkuebler@sfs.uni-tuebingen.de

Oier Lopez de Lacallejibloleo@si.ehu.es

Shalom Lappinlappin@dcs.kcl.ac.uk

Maria Liakatamaria.liakata@clg.ox.ac.uk

Michael L. Littmanmlittman@cs.rutgers.edu

Susannah J. Lydonsusannah@cs.man.ac.uk

Inderjeet Maniim5@georgetown.edu

Hanady Mansourhanady@ccl.umist.ac.uk
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