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Editors’ Foreword

This volume brings together revised versions of a seledi@apers presented at
the International Conference on “Recent Advances in Nhtaraguage Process-
ing” (RANLP 2003 held in Samokov, Bulgaria, 10-12 September 2003. The aim
of the conference was to give researchers the opportunfiyegent new results
in Natural Language ProcessingLf) based on modern theories and method-
ologies.
The conference was preceded by three days of tutorialstethVecturers
were:
Piek Vosselflrion Technologiep
Wordnet, EuroWordNet and Global Wordnet
Hamish CunningharUniversity of Sheffield
Named Entity Recognition
Ido Dagan(Bar llan University
Learning in NLP: When can we reduce or avoid annotation cost?
Dan Cristea(University of las)
Discourse theories and technologies
John Prager(IBM)
Question Answering
Inderjeet Mani(Georgetown Universi)y
Automatic Summarization

RANLP 2003 was quite popular — 161 participants from 30 coast We re-
ceived 114 submissions and whilst we were delighted to haveany contri-
butions, restrictions on the number of papers which coulgreeented in three
days forced us to be more selective than we would have likeoweder, we
introduced the category of short papers allowing for dismrs of ongoing re-
search. From the papers presenteB/AitiLP 2003we have selected the best for
this book (the acceptance ratio for tRANLP 2003volume was about 27%), in
the hope that they reflect the most significant and promisargls (and success-
ful results) inNLP.

Keynote speakers who gave invited talks were: Shalom Lagging’s
College London), Yorick Wilks (University of Sheffield), §then G. Pulman
(Oxford University), Inderjeet Mani (Georgetown Univeydiand Branimir K.
Boguraev (IBM T.J. Watson Research Center). The book isnisgd themat-
ically. In order to allow for easier access, we have groupedcontributions
according to the following topics: I. Invited talks; Il. Leal semantics and
lexical knowledge acquisition; Ill. Tagging, parsing anghx; IV. Informa-
tion extraction; V. Text summarisation and document prsices and VI. Other
NLP topics. Clearly, some papers lie at the intersectioraobus areas. To help
the reader find his/her way we have added an index which centagajorNLP
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terms used throughout the volume. We have also includetlanisemails of all
contributors.

We would like to thank all members of the Program Committes: the ad-
ditional reviewers who helped in the final stage of the revieacess. Without
them the conference, although well organised, would no¢ Ihad an impact on
the development ofiLP. Together they have ensured that the best papers were
included in the final proceedings and have provided invd&iedimments for the
authors, so that the papers are ‘state of the art’. The faligus a list of those
who participated in the selection process and to whom a pualcknowledge-
ment is due:

Le Ha An

Rie Ando
Elisabeth Andre
Galia Angelova
Victoria Arranz
Amit Bagga
Catalina Barbu
Lamia Belguith
Branimir Boguraev
Kalina Bontcheva
Svetla Boytcheva
Antonio Branco
Sabine Buchholz
Sylviane Cardey
Nicoletta Calzolari
Eugene Charniak
Grace Chung

Borja Navarro Colorado

Dan Cristea

Hamish Cunningham

Walter Daelemans
Ido Dagan

Robert Dale
Hercules Dalianis
Pernilla Danielsson
Richard Evans
Kerstin Fischer
Alexander Gelbukh
Ralph Grishman
Walther von Hahn
Jan Hajic

Sanda Harabagiu
Laura Hasler
Graeme Hirst

(University of Wolverhampton)
(IBM T.J. Watson Research Center)
(University of Augsburg)

(LMD, CLPP, Bulgarian Academy of Sciencesj&

(Universitat Politecnica de Catalunya)
(Avaya Labs Research)
(University of Brighton)
(LARIS-FSEG, University of Sfax)
(IBM T.J. Watson Research Center)
(University of Sheffield)
(Sofia University)
(University of Lisbon)
(Toshiba Research Europe Ltd.)
(University of Franche-Comté, Besapgon
(University of Pisa)
(Brown University, Providence)
(Corporation for National Research Initiats)e
(University of Alicante)
(University of lasi)
(University of Sheffield)
(University of Antwerp)
(Bar llan University & FocusEngine, Tel Aviv)
(Macquarie University)
(Royal Institute of Technology, Stodkfmpo
(University of Birmingham)
(University of Wolverhampton)
(University of Hamburg)
(National Polytechnic University, Mz
(New York University)
(University of Hamburg)
(Charles University, Prague)
(University of Texas, Dallas)
(University of Wolverhampton)
(University of Toronto)
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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)
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chanska, Milena Yankova and Ognian Kalaydjiev (Bulgariamademy of Sci-
ences) for the efficient local organisation. RANLP 2003 waiglly supported
by the European Commission with an IST FP5 Conference grant.

We believe that this book will be of interest to researchexdurers, graduate
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We would like to acknowledge the unstinting help receivenirfrour series
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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 resolutiaich pro-
nouns and elided structures are interpreted by the dynalmmtification in
discourse of type constraints on their semantic represensa The con-
tent of these conditions is recovered in context from ancautent expres-
sion. The constraints define separation types (sub-typeRjdperty The-
ory with Curry Typing PTCT), an expressive first-order logic with Curry
typing that we have proposed as a formal framework for natarguage
semantics.

1 Introduction

We present a type-theoretic account of pronominal anapaodaellipsis res-
olution within the framework of Property Theory with Currygding (PTCT),
a first-order logic with comparatively rich expressive powehieved through
the addition of Curry typingPTCT is a fine-grained intensional logic that per-
mits distinct propositions (and other intensional ergiti® be provably equiva-
lent. It supports functional, separation (sub), and cotmgmeion types. It also
allows a weak form of polymorphism, which seems adequatepduce type-
general expressions in natural language. The proof andIrtteat@ies ofPTCT
are classically Boolean with respect to negation, disjon¢tand quantification.
Quantification over functional and type variables is restd to remain within
the domain of a first-order system.

We take the resolution of pronominal anaphora to be a dynanoicess of
identifying the value of a type parameter with an approprzrt of the repre-
sentation of an antecedent. The parameter corresponds gpéuification of a
sub-type condition on a quantified individual variabld@hCT, where the con-
tent of this condition is recovered from part of the anteo¢édxpression. We
propose a unified treatment for pronouns that accommodatesivariable, E-
type, and donkey anaphora.

We represent ellipsis as the identification of a value of assn type pa-
rameter for expressions in the ellipsis site. The separayipe provides a pred-

! The research of the second author has been supported byngiraber AN/2687/APN from
the Arts and Humanities Research Board of the UK, and gramten 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. Vdiae of the parameter
is constructed by abstraction on an antecedent expresaiben variables cor-
responding to pronouns are contained in the separationrgtgeved from the
antecedent, typing conditions on these variables are itegadnto the interpre-
tation of the elided term. Different specifications of thesaditions may be
possible, where each specification produces a distincimgadsing alternative
resolutions of typing constraints on the pronoun variabigke ellipsis site per-
mits us to explain the distinction between strict vs. slopmdings of pronouns
under ellipsis. It also allows us to handle antecedent doedaellipsis with-
out invoking syntactic mechanisms like quantifier phraseeneent or semantic
operations like storage. Our treatment of ellipsis is amib the higher-order
unification (HOU) analysis proposed by Dalrymple et al. (IP@nd Shieber
et al. (1996). However, there are a number of important diffees between the
two approaches which we will take up in Section 7.

In Section 2 we give a brief summary of the main featureBDET, partic-
ularly the type definitions. More detailed descriptionsmavided by Fox et al.
(2002a), Fox et al. (2002b), Fox & Lappin (2003), Fox & Lapg2904). In
Section 3 we add an intensional number theory, and in Sedtiwa character-
ize generalized quantifiers ¢s) corresponding to quantified NPs witiRiTCT.
Section 5 gives our treatment of pronominal anaphora, angresent our ac-
count of ellipsis in Section 6. In Section 7 we compare ouoaotof pronominal
anaphora to Ranta’s (1994) analysis of donkey anaphorawitartin-Lof Type
Theory (MLTT) and our treatment of ellipsis to the HOU approach. Finafly,
Section 8 we present some conclusions and consider dinsdto future work.

2 PTCT

The core language #1TCT consists of the following sub-languages:
Q) Termst :=x ||| T | Xx(t) | (1)t
logical constants::= A |V | 5 | & | L |V |3 | =0 | S e
(2) TypesT ::= B |Prop | T = S
@) Witpu=al|(pAv)[(eV )| (=) | (e v)] (Vo) | (3ze)
atomicwffa = (t=p s) | L |t €T |t =y s| ™
The language of terms is the untypkdtalculus, enriched with logical con-
stants. Itis used teepresenthe interpretations of natural language expressions.
It has no internal logic. With an appropriate proof theong simple language of
types together with the language of terms can be combinetbttupe a Curry-
typed A-calculus. The first-order language of wffs is used to fomtriltype
judgements for terms, and truth conditions for those tetrdgéd to be iProp.?

2 Negation is defined by p =4 p — L. Although we could formulate a constructive theory,
in the following we assume rules that yield a classical Baoleersion of the theory.



TYPE-THEORETIC APPROACH TO ANAPHORA AND ELLIPSIS 3

Itis important to distinguish between the notion of a prapos itself (in the
language of wff), and that of a term thapresents proposition (in the language
of terms).™¢(¢) will be a true wff whenever the proposition represented gy th
termt is true, and a false wff whenever the proposition represtloye is false.
The representation of a propositib¢e Prop) is distinct from its truth conditions
(true (f))

We construct a tableau proof theory T CT.2 Its rules can be broken down
into the following kinds.

e The basic connectives of the wff: These have the standasgich first-
order behaviour.

o |dentity of terms €): These are the usual rules of the untypedalculus
with «, § andn reduction.

e Typing of A-terms: These are essentially the rules of the Curry-typéd ¢
culus, augmented with rules governing those terms thaeseptt proposi-
tions (Prop).

e Truth conditions for Propositions: Additional rules forethlanguage of
wffs that govern the truth conditions of terms fmop (which represent
propositions).

e Equivalence®r): The theory has an internal notion of extensional equiv-
alence which is given the expected behaviour.

There are two equality notions RTCT. ¢t = s states that the termss
are extensionally equivalent in tyfie Extensional equivalence is represented in
the language of terms by=, s. t = s states that two terms are intensionally
identical. The rules for intensional identity are esséiytidnose of theaSn-
calculus. It is represented in the language of terms By, s. It is necessary
to type the intensional identity predicate in order to aveéladoxes when we
introduce comprehension types.

The rules governing equivalence and identity are such tleatre able to
derivet =7 s — t =1 s for all types inhabited by (s), but nott 2 s — t =¢
s. As a result,PTCT can sustain fine-grained intensional distinctions among
provably equivalent propositions. Therefore, we avoidrddiction of logically
equivalent expressions to the same intension, a reductiaiwviolds in classical
intensional semantics, without invoking impossible werli¥oreover, we do so
within a first-order system that uses a flexible Curry typipstem rather than a
higher-order logic with Church typing (as in Fox et al.'s (2@) modification of
Church’s (1940) Simple Theory of Types).

One possible extension that we could consider is to add &rgaltype to
the types, and rules corresponding to the following axiom.

3 For an introduction to tableau proof procedures for firsteniogic with identity see (Jeffrey
1982). Fitting (1996) presents an implemented tableaurémegrover for first-order logic
with identity, and he discusses its complexity properties.
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@ UT.zeAor==z

Unfortunately this is inconsistent RTCT if Prop is a type. Considerr, where
r = \z.dy € (A = Prop)[z =y A <~ zy]. However, there are other consistent
extensions that can be adopted.

2.1 Separation types

We add{x € T : ¢©'} to the types, and a tableau rule that implements the follow-
ing axiom.

(5) SPze{zeT: ¢} (z€T A '[z/x])
Note that there is an issue here concerning the natuge d ensure the the-
ory is first-order, this type needs to be term representaole; must be term
representable. To this end, we can define a term represeritagment of the

language of wffs. First, we introduce syntactic sugar f@ety quantification in
the wffs.

6) () YVrzp =gef Va(z € T — @)
(b) Frazp =get Fx(z €T A @)
Wif’s with these typed quantifiers, and no free-floating tjypgements will then

have direct intensional analogues—that is, term repraens—which will al-
ways be propositions. We can define representable wffs by

() @ == [ (¢ A [ (V)] (¢ =) |
(¢ =) | (Yrag!) | Grae) | ™o
atomic representable wffs
o = =rs)| L]t%s

The term representations of representable \vif§ are given as:
@) () [aAD]

(b) [a Vv b] = [a] V [b]
(€) [a —b] = [a] = [b]
(d) [a > b] = [a] > [0]
(€) [a =y b] = [a] =1 [b]
() [a =7 b] =[a] =7 [0]
9 [L]=1

(h) [tet] = ¢

[

() [3rz.a] = JzeT[a]

Now we can express separation typedas S.¢'}, which can be taken to
be sugar fo{zeS.[¢']}. The following theorem is an immediate consequence
of the recursive definition of representable wffs and thesimt representations.
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Theorem 1 (Representability)

[¢'] € Prop for all representable wffg’, and furthermore'™¢[¢'] <+ ¢'.

2.2 Comprehension types

Usually comprehension can be derived from SP and UT. We ageiftg UT to
avoid paradoxes, so we have to define comprehension indepiyndlrhe same
arguments apply as for SP concerning representability. difettze type{z : '}
and a tableau rule corresponding to the following axiom.

(9) COMP:z € {z: ¢} +> ¢[z/x]

Given that COMP = SP + UT, where UT is the Universal Type- {z : = = z},
we would derive a paradox # was not typed. This is becauseRTCT Prop
is a type. Sar, wherer = Az.3y € (A = Prop)[z = y A < zy] produces a
paradoxical propositional. Our use of a typed intensiatehtity predicate filters
out the paradox because it must be possible to prove thawthexpressions for
which=r is asserted are of tygéindependently of the identity assertion=r ¢
iff s,# € T ands = 1.

2.3 Polymorphic types

We enrich the language of types to include type variablesand the wifs to
include quantification over type&X ¢, 3X . We addl1X.T to the language of
types, governed by the tableau rule corresponding to thawirlg axiom:

(10) PM: f e IX. T < VX(f e T)

Polymorphic types permit us to accommodate the fact thatrabfanguage
expressions such as coordination and certain verbs cap apflinctions to ar-
guments of different types. Note that PM is impredicatibe ftype quantification
ranges over the types that are being defined). To avoid tlesgdd a language
of Kinds (K) to PTCT.

(11) Kinds: K =T |TIX.K
(12) PM: f e TIX.K + VX (f € K) whereX ranges only over types.

This constraint limits quantification over types to typeiahtes that take non-
Kind types as values. Therefore, we rule out iterated tyggmorphism in

which functional polymorphic types apply to polymorphigaments. In fact,
this weak version of polymporphism seems to be adequatepresx the in-
stances of multiple type assignment that occur in naturajuages (van Ben-
them 1991).
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2.4 Final syntax

Adopting the extensions discussed above, which do not aHevderivation of a
paradox, leads to the following language.
(13) Termst ==z | ¢ | 1| T | Ax(t) | ()t o

(logical constants) ::= A |V | 5 | <& | L |V |3 20 | Zp €
(14) TypesT =B |Prop |T = S | X |{z € T.¢'} | {z.¢'}
(15) KindsK ::=T | TIX.T
(16) Wit o i=a [ (p Av) [ (¢ V) [ (v = ¥) | (¢ < )

| (Vo) | Fzg) | (VX ) | (BX )

(atomicwf)a = (t=p s) | L |t € K |t 2p| et

wherey' is as defined in section 2.1.

2.5 A model theory foPTCT

In order to give a model foPTCT, we first need a model of the untyped
calculus. This will form the model foPTCT'’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 = (D, [D — D], ®, ¥) where
e D is a non-empty set,
[D — D] is some class of functions fromto D,
®:D—[D— D,
U:[D— D] — D,
U(®(d)) =dforalld e D

We can interpret the calculus as followsi§ an assignment function from
variables to elements db):

a7 lzly = g(x)

[Az-t]g = W (Ad. [t]yfaa1)

[s]y = @([t1y)Isl,
This interpretation exploits the fact thé&tmaps every element dd into a cor-
responding function fromD to D, and ¥ maps functions fromD to D into
elements ofD. Note we require that functions of the forka.[] 4/, are in the
classD — D] to ensure that the interpretation is well defined. In the edsere
we permit constant terms, then we can add the claiuassjgns elements from
D to constants):

(18) [c], =i(c)

Theorem 2 If ¢ = s in the extensional untypettcalculus (with€ andn), then
[t], = [s], for each assignment
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Proof: By induction on the derivations. O

A model M 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 rulestha relation between
the sublanguages &TCT. On the basis of the full proof and model theories, we
prove the soundness and completenes3Ta@T.*

3 Anintensional number theory

We add an intensional number theoryR®CT, incorporating rules correspond-
ing to the axioms in (23).

(19) Terms:0 | succ | pred | add | mult | most | | - |5
(20) Types:Num
(21) WIfs: zero(t) | t Znum t' | t <num t' | most(p)(q)
(22) Axioms forNum: The usual Peanoaxioms, adaptediCT
(23) Axioms for<yum:
(@) y € Num — 0 <yym succ(y)
(b) z € Num — = £nym 0
(€) x € Num Ay € Num — (suce(x) <num suce(y) < € <jum Y)

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

When we incorporate the intensional number theory RX€T we lose com-
pleteness of the proof theory. However, it is important tomize that incom-
pleteness sets in only when tableau rules that encode nttimaaetic inferences
are applied. The basic logic and type systenP®T without these rules and
their corresponding definitions in the model theory remamsplete.

4 Representing proportional generalized quantifiers inrPTCT

By defining the cardinality of properties, we can expresdtinén conditions of
proportional quantifiers ifPTCT. The cardinality of propertie®|s is formu-
lated as follows.
(24) p € (B = Prop) A ~3z(x € BA"px) = [p| Znum 0
(25) p € (B = Prop) Ab € B A"™pb —

Iplg Snm add([Mz(pz A ~ 2 =5 b)|5)(suce(0))
The cardinality of types can be defined in a similar way. Weasentnost(p)(q)
as follows:

4 The full proof and model theories f®TCT, and the proofs for soundness and completeness
are presented by Fox & Lappin (2004).



8 CHRIS FOX & SHALOM LAPPIN

(26) p € (B = Prop) A q € (B = Prop) —
most(p)(q) <
HT c B.truepm A Ntrueqm}|R <Num ‘{.7) c B.truepm A trueqm}|B
Given thatPTCT is a first-order theory in which all quantification is limitéal
first-order variables, this characterizationmobst effectively encodes a higher-
order GQ within a first-order system.

5 Atype-theoretical approach to anaphora

We combine our treatment of generalized quantifiers withaharacterisation

of separation types to provide a unified type-theoretic aotof anaphora. We
assume that all quantified NPs are represented as cargingtitions on the
model of our treatment ahost Pronouns are represented as appropriately typed
free variables. If the free variable is within the scope oéaferming operator
that specifies a sub-type and it meets the same typing conistes the variable
bound by the operator, the variable can be interpreted asdbby the opera-

tor through substitution under identity. This interpretation yields the bound
reading of the pronoun.

(27) Every man loves his mother.

(28) |{z € B.'""*man’(x) A "™elove'(z, mother-of'(y))}| B
num {2 € B man/(z)}| s
%
{z € B.'"man’(z) A " love' (x, mother-of’'(z))}| 5
num {2 € B man/(z)}| s

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

When the pronoun is interpreted as dependent upon an NP wb&h not
bind it, we represent the pronoun variable as constrained &gparation type
parameter whose value is supplied by context. Generabyy#fue of this type
parameter is determined in two parts. The initial type menstiip condition is
imported directly from the antecedent corresponding td3Re The wff part of
the separation type corresponds to the relation betweerettigction and the
predication in the antecedent clause. In the default chegyronoun variable is
bound by a universal quantifier in the language of wffs.

(29) Every student arrived.
(30) [{z € B.""*student'(x) A "™earrived (z)}|p
~yum {2 € B¢ student'(z)}| 5
(31) They sang.
(32) Vy € A.("¢sang'(y))
whereA = {z € B."™student'(z) A "™arrived (z)}
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In the case of proper names and existentially quantified N&cadents we
obtain the following.

(33) John arrived.
(34) "earrived' (john)
(35) He sang.
(36) Vy € A.("¢sang'(y))
whereA = {z € B."™ x =5 john A "™carrived'(z)}
(37) Some man arrived.
(38) |{z € B.'""*man'(x) A "™earrived (z) A "™ ¢(z)} B > Num O
(39) He sang.
(40) vy € A.("esang'(y))
whereA = {z € B.™man/(z) A "™arrived (z) A "™e¢(z)}

¢ is a predicate that is specified in context and uniquely ifleata man who
arrived in that context.

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

(41) Every man who owns a donkey beats it.

(42) |{z € B."*man’(z) A
(Hy € B."™eown'(z,y) A "™edonkey' (y)} 5 >Num 0)
AVz € A("ebeat'(x,2))}| B

gNum

{z € B."man'(z) A (|[{y € B."own'(x,y) A "™ donkey' (y)}| 5
> Num 0)}‘3

where

A ={y € B."™own/(z,y) A "™donkey'(y)}

The representation asserts that every man who owns at leagiomkey beats all
of the donkeys that he owns.

Our type-theoretic account of donkey anaphora is similapinit to the E-
type analysis proposed by Lappin & Francez (1994). Thereaaever, an im-
portant difference. Lappin & Francez (1994) interpret atyjie pronoun as a
choice function from the elements of an intersective setifipd by the clause
containing the antecedent NP to a range of values deterrbip¢lais NP. Both
the domain and range of the function are described infoynivatierms of the se-
mantic representation of the antecedent clause. On thetlygoeetic approach
proposed here the interpretation of the E-type pronoun ésifipd explicitly
through type constraints on variables in the semantic sgmtation language.
Therefore our account provides a more precise and propenydlized treat-
ment of pronominal anaphora.

We can generate existential readings of donkey sentenedst{®& & Schu-
bert 1989) by treating the principle that the free variaklgresenting a pronoun
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is bound by a universal quantifier as defeasible. We can thiestitute an exis-
tential for the universal quantifier.

(43) Every person who had a quarter put it in a parking meter.
(44) |{z € B.""eperson’(x) A
(H{y € B."™¢had'(x,y) A " quarter’(y)}|B >Num 0)
A 3z € A(*"™put-in-meter'(x,2))}|p
=—Num
{x € B."™eperson'(z) A
(Hy € B."™¢had'(z,y) A " quarter'(y)}|s
> Num 0)}‘3
whereA = {y € B."¢had (x,y) N "™equarter'(y)}

This representation asserts that every person who had teqgpat at least one
quarter that he/she had in a parking meter.

The default presence of a universal quantifier in BFeCT representation
of a donkey pronoun is an instance of a pragmatic maximadibdaion of the
kind that Lappin & Francez (1994) invoke to explain the pnefd readings of
sentences like (41). As they observe, lexical semantic aaghpatic factors can
override a maximality constraint in cases like (43). We espnt the suspension
of the maximality requirement by substituting an existantor the universal
guantifier binding the variable corresponding to the proniouthese sentences.

6 Ellipsis

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

(45) John sings, and Mary does too.
(46) tesings'(john) A mary € S

Assuming thatnary andjohn are both of type3, we can abstract ojvhn to
obtain the separation tyde € B.""sings'(z)} from the antecedent in order to
resolveS. This yields the desired interpretation of the elided oeing47)°

(47) egings'(john) A " sings’ (mary)

We have not introduced product types i@ CT, but we are assuming that
all predicate types are curried functions. For simplicifynotation we repre-
sent transitive and ditransitive verbs as multi-argumantfional expressions,
but we continue to assume that they are interpreted as a rszzjwé curried

5 The presentation adopted here requires a slight charlg€@d as it is formulated elsewhere
(Fox et al. 2002a, Fox et al. 2002b, Fox & Lappin 2003) in otdeallow free-floating type
judgements within the language of terms. This extensiomigproblematic provided appro-
priate restrictions are observed (Fox & Lappin, to appear).
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functions. Similarly we assume that separation types spmeding to curried
function predicate can be built up through curried functipplication.
Our treatment of VP ellipsis extends directly to gapping) 48

(48) Mary reviewed Principia and Max Ulysses.
(49) ereviewed' (mary, principia) A (maz, ulysses) € S
(50) S = {(z,y) € B® B."¢reviewed' (z,y)}

(51) "ereviewed' (john, principia) A "Creviewed' (maz, ulysses)
It also applies to pseudogapping (32).

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

(53) "®introduced' (maz, rosa, sam)
before
(bill', mary, john) € S

(54) S ={(z,y,2) € B B® B.

teintroduced’ (z,y, z)}

(55) "eintroduced' (maz, rosa, sam)
before
e introduced' (bill, mary, john)

If we combine our treatment of ellipsis with our account obmominal
anaphora, the representation of the distinction betwett ahd sloppy read-
ings of pronouns under ellipsis is straightforward.

(56) John loves his mother, and Bill does too.
(57) Vz € A("“®loves'(john, mother-of'(z)) A bill € S

Let S be defined as follows.
S ={y € BNz € A("loves'(y, mother-of'(x))}

If the type parameted on the variable: is specified agw € B."¢w =5 john}

in the antecedent clause prior to the resolutioty pthen a strict reading of the

pronoun results. 14 is determined after the value §fis identified, then it can

be taken agw € B."w =g bill}, which provides the sloppy reading.
Finally, consider the antecedent contained ellipsis (AStE)cture:

(58) Mary read every book that John did.

Restrictive relative clauses modify head nouns of NPs. dtheg, itis reasonable

to impose the condition that the conjunct corresponding testictive relative

clause in the propositional part of the sub-type expressfca GQ contain an

6 Here we use product types. Product types can be adde@i@d (Fox & Lappin, to appear),
or the examples can be represented using an equivalerg@iorm.

7 Here we assume there is some suitable treatment of the tahgpdering of the circumstances
described by the propositiopsandg in the expressiop before ¢ without further elaboration.
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occurrence of the variable bound by the set operator of theyge. This is, in
effect, a non-vacuousness constraint on relative claushficetion. It requires
that a relative clause be interpreted as a modifier that ibomés a restriction to
the head noun. Given this constraint the representatiob8)fi§:
(59) {z € B."™book'(x) A (john,z) € S) A "™eread (mary, z)}| s

Snum [{2 € B.'"book! () A (john,z) € S}|g
Taking the conjunct of (59) that corresponds to the matrausk as the an-
tecedent and abstracting over both its arguments we olftaisdparation type
specified in (60). This yields (61) as the interpretations)¢

(60) S = {(y,w)."™eread (y, w)}

(61) [{z € B.'"™book!(z) A "eread (john,z) A "eread (mary,x)}| s
num [{2 € B."™book! (z) A *eread' (john, z)}| s

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

We have generated this interpretation without using a syictaperation of
quantifier raising, as in the analysis of Fiengo & May (1994& semantic pro-
cedure of storage, as in the HOU treatment of Dalrymple €f8PR1). We also
do not require a syntactic trace (Lappin 1996) @LasH feature (Lappin 1999)
in the ellipsis site. The presence of the variable bound leystt operator of
the sub-type as the second argument of the function whiggresa value to the
elidedPTCT expression is motivated by a general condition on the reptas
tion of restrictive relative clauses as non-vacuous caipim a GQ.

7 Comparison with other type-theoretical approaches

Ranta develops an analysis of anaphora within Martin-LygfelTheory (MLTT)
(Ranta 1994). He represents donkey sentences as univeesdifagation over
product types.

(62) Iz : ((Xz : man)(Zy : donkey)(xz owns y))
(p(2) beats p(q(z))

In this example; is a variable over product pairs, apdndgq are left and right
projections, respectively, on the product pair, where

(63) (a) p(z) : man
(b) q(z) : (Xy : donkey)(p(z) owns y)
(€) p(q(2)) : donkey

8 For simplicity we suppress typing on the variabjesndw here.

9 Note that here expressions of the fofiw : (T')(S) denote a dependent product type. This
is not to be confused witRTCT’s polymorphic types, whose formiI(X.T') is superficially
similar.
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(d) q(q(2)) : (p(2) owns p(q(2))).

Ranta’s account does not generate the existential readidgrkey sentences
(Pelletier & Schubert 1989).

As Ranta acknowledges, his universal quantification-paérs analysis fol-
lows Discourse Representation Theory (DRT) (Kamp & Reyl83)9n inher-
iting the proportionality problem in a sentence like thddaling (Heim 1990,
Kadmon 1990).

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

On the universal quantification-over-pairs account of adgrdnaphora, contrary
to the desired interpretation, the sentence is true in a modehich ten men
own donkeys, nine men own a single donkey each and do notthedtile the
tenth man owns ten donkeys and beats them all. On the préfezegling the
sentence is false in this model.

Ranta cites Sundholm’s (1989) solution to the proportitypaloblem. This
suggestion involves positing a second quantiffeston product pair§¥z :
A)(B(z)) that is interpreted as applying ahinjection to the pairs, where this
injection identifies only the first element of each pair ashwitthe domain of
guantification. Defining an additional mode of quantificatés a distinct reading
of mostin order to generate the correct interpretation of (64) \Wwadem to be
an ad hoc approach to the difficulty. There is no evidencedking mostas
ambiguous between two quantificational readings beyonddlee to avoid the
inability of the quantification-over-pairs analysis tolgi¢he correct results for
this case. Assuming two modes of quantification adds coreditkecomplication
to the type-theoretic approach to anaphora without indégetrmotivation.

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

On the HOU approach to ellipsis proposed by Dalrymple et189() and
Shieber et al. (1996), the elided predicate is represerst@dnégher-order vari-
able, which is unified with a lambda term obtained from theeaatlent clause
through abstraction over the arguments that corresportktbdre arguments of
the ellipsis site. This term is then applied to the bare agumto produce an
interpretation of the elided structure.

OurPTCT-based analysis of ellipsis is similar in approach to the H@aW.
In both cases correspondences are set up between a seqéi@hcases in an
ellipsis site and an antecedent clause, and a predicatedetmstracted from the
antecedent for application to elements in the elided cladeeever, while HOU
solves an equation with a higher-order variable to obtaianablda expression,
our account uses a parameter that is resolved to a sepatgperexpression.
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In our model theory, type variables take terms as values.reftie, even if a
separation type parameter is construed as a variald@ GfT, we remain within
the first-order resources BTCT.

In addition, HOU requires storage to extract a quantified Mnfits an-
tecedent-contained position in the semantic representafian ACE structure.
By contrast, we are able to interpret these Psituby virtue of the presence of
a bound variable in the part of a sub-type in a GQ representtiat corresponds
to the relative clause of the ACE.

8 Conclusions and future work

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

The application oPTCT to anaphora and ellipsis illustrates its considerable
expressive resources. The primary advantad®l@T is the fact that it provides
the expressiveness of a higher-order system with rich gypihile remaining a
first-order logic with limited formal power.

We have provided a model theory 8T CT using extensional models for the
untypedA-calculus enriched with interpretations of Curry typese Téstrictions
that we impose on comprehension types, quantification gpest and the rela-
tion between the three sublanguageBP®CT ensure that it remains a first-order
system in which its enriched expressive power comes lathedyigh quantifica-
tion over terms and the representation of types as terméwtith language.

In future work we will be investigating the possibility ofdarporating prod-
uct types intdPTCT without taking it out of the class of first-order systems and
also determine the most appropriate way of incorporatiegrépresentation of
free-floating type judgements in the language of terms. Wrypes will permit
us to simplify our representations bfary predicates and the sub-types defined
in terms of them. They will also permit us to capture dependgres, which
we require to deal with certain kinds of anaphora, such agelopronouns in
conditional sentences.

We will consider a property-theoretic variant of the treatmhof anaphora
and ellipsis which exploits properties and applicatiomeathan the types and
type-membership used in the type-theoretic treatmentepted in this paper.
We will then examine extensions that establish correspacetebetween types
and properties. One aim of this would be to show an equival&estween the
type-theoretic and property-theoretic approaches totaramnd ellipsis.
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We will explorePTCT as a semantic representation language in implemented
systems of natural language interpretation. As part ofrisgarch we will be
constructing a theorem prover that u$€BCT's tableau proof theory. We will
also investigate the implementation of our proposed aghresmto anaphora and
ellipsis resolution.
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Abstract

We describe two major dialogue system segments: first weiskisa Dia-
logue Manager which uses a representation of stereotygiakigue pat-
terns that we call Dialogue Action Frames and which, we keligenerate
strong and novel constraints on later access to incompielegdie topics.
Secondly, we describe an analysis module that learns tgrag&logue
acts from corpora, but on the basis of limited quantitiesathdand up to
what seems to be some kind of limit on this task, a fact we dksmuds.

1 Introduction

Computational modelling of human dialogue is an areagf where there are
still a number of open research issues about how such mogedhould best
be done. Most research systems so far have been largelycoaled; inflexible
representations of dialogue states, implemented as sammedofinite state or
other rule-based machine. These approaches have addrebssthess issues
within spoken language dialogue systems by limiting thgesof the options and
vocabulary available to the user at any given stage in theglia. They have,
by common agreement, failed to capture much of the flexytalitd functionality
inherent in human-human communication, and the resultstems have far
less than optimal conversational capability and are nepifeasant nor natural
to use. However, many of these low-functionality systemseHhzeen deployed
in the market, in domains such as train reservations.

On the other hand, more flexible, conversationally plaesibbdels of dia-
logue, such as those based on planning (Allen et al. 199%reneledge rich,
and require very large amounts of manual annotation toerddtey model indi-
vidual communication actions, which are dynamically lidikegether into plans
to achieve communicative goals. This method has great@esiow reacting to
user input and correcting problems as they occur, but hasr pdsced emphasis
on either implementation or evaluation.

The model we wish to present occupies a position betweere thves ap-
proaches: full planning systems and turned-based dialogne engines. We
contend that larger structures are necessary to représeophtent and context
provided by mini-domains or meta-dialogue processes assggpto modelling
only turn taking. The traditional problems with our positiare: how to obtain
the data that such structures (which we shall call Dialogogof Frames or
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DAFS) contain, and how to switch rapidly between them in practo as not to
be stuck in a dialogue frame inappropriate to what a userusisaid. We shall
explain their functioning within an overall control struct that stacksAFs, and
show that we can leave@AF in any dialogue state and return to it later if ap-
propriate, so that there is no loss of flexibility, and we catain the benefits of
larger scale dialogue structure. For n@afrs are hand-coded but ultimately we
are seeking to learn them from annotated dialogue corposo toing, we hope
to acquire those elements of human-human communicatioohwhay make a
system more conversationally plausible.

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

In the model that follows, we hypothesise that the infororationtent obAs
may be such that some natural limit has appeared to theiutesoby the kinds
of ngram-based corpus analysis used so far, and that thentumpasse, if it
is one, can only be solved by realising that higher levelagjaé structures in
the bm will be needed to refine the inpotas, 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 datasliresearch in this
area and offers a concrete hybrid model. This process caukkbn as one of
the correction or reassignment DA tags to input utterances inav, where a
higher level structure will be able to chose from some (gugsirdered) list of
alternativeDA assignments as selected by our initial process.

2 Modality independent dialogue management

The development of our Dialogue Management strategies t@aged largely
within the comic (Conversational Multimodal Interaction with Computérs)
project whose object is to build a cooperative multi-modalatue system which
aids the user in the complex task of designing a bathroomaasydstem to be
deployed in a showroom scenario. A central part of this systethe Dialogue
and Action Managermam).

1 Seehttp://www.hcrc.ed.ac.uk/comic/
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There is as yet no consensus as to whethe&n should be expressed simply
as a finite-state automaton, a well understood and easy tenmept representa-
tion, or utilise more complex, knowledge-based approashek as the planning
mechanism employed by systems sucliRsINS.

The argument between these two views, at bottom, is about rhash
stereotopy one expects in a dialogue and which is to say, hsvit much is
it worth collecting all rules relevant to a subtopic togetheithin some larger
structure or partition? Stereotopy in dialogue is closaprected to the no-
tion of systeme-initiative or top-down control, which is@tigest in “form-filling”
systems and weakest in chatbots. If there is little stepoito dialogue turn or-
dering, then any larger frame-like structure risks beingreepetitious, since all
possibilities must be present at many nodes. If a system aiwalys be ready
to change topic in any state, it can be argued, then what igutse of being
in a higher level structure that one may have to leave? Theeam® that it is
possible to be always ready to change topic but to continuié @range is not
forced: As with all frame-like structures since the begmgof Al, 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 onafrte/o stacks.
In the bamM described below we also opt for amN-like system which has as
its application mechanism a single stack (with one slightlification) of DAF’s
(Dialogue Action Frames) and suggest thatwh&As argument for abandoning
an ATN-type approach (namely, that structure was lost when a rpEipped) is
easily overcome. We envisagers of radically different sizes and types: com-
plex ones for large scale information eliciting tasks, amak ones for dialogue
control functions such as seeking to reinstate a topic.

Our argument will be that the simplicity and perspicuity loist(well under-
stood and easily written and programmed) virtual machihkeést in its standard
form) has benefits that outweigh its disadvantages, andriicpkar the ability
to leave and return to a topic in a natural and straightfoweaary.

2.1 DAFs: A proposed model for DAM

We propose a single pop-push stack architecture that laaddigres of radically
differing complexities but whose overall forms avers. The algorithm to op-
erate such a stack is reasonably well understood, thoughilveuggest below
one amendment to the classical algorithm, so as to deal vdialague revision
problem that cannot be dealt with by structure nesting.

The general argument for such a structure is its combinatigrower, sim-
plicity and perspicuity. Its key language-relevant featflknown back to the time
of Woods (1997) in syntactic parsing) is the fact that strtes can be pushed
down to any level and re-entered via suspended executianhwahows nesting
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of topics as well as features like barge-in and revision wigmooth and clear
return to unfinished materials and topics. Although, in reime syntax, incom-
plete parsing structures must be returned to and completd@logue one could
argue that not all incomplete structures should be re-edtiar completion since

it is unnatural to return to every suspended topic no matierlbng suspended,
unless, that is, the suspended structure contains infamitat musbe elicited
from the user. There will beAaFrs corresponding to each of the system-driven
sub-tasks which are for eliciting information and whose owands write di-
rectly to the output database. There will alsazes for standard Greetings and
Farewells, and for complex dialogue control tasks like sievis and responses
to conversational breakdowns. A higher granularitypafs will express sim-
ple dialogue act pairs (such @2) which can be pushed at any time (from user
initiative) and will be exhausted (and popped) aftersan query to thecomic
database.

The stack is preloaded with a (default) ordered set of sysidiative DAFs,
with Greeting at the top, Farewell at the bottom and suchttietialogue ends
with maximum success when these and all the intermediatenattion eliciting
DAFs for this task have been popped. This would be the simplestaia max-
imally cooperative user with no initiative whatever; he nieyrare but must be
catered for if he exists.

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

If the user proposes an information eliciting task befoeedfsstem does (e.g.,
in a bathroom world, we suppose the client wants to disclessadlour-choice
before thatbar is reached in the stack) then that structure must immegliatel
be pushed onto the stack and executed till popped, but oflyiits copy lower
in the stack must not be executed again when it reaches thatepon. The
integrity of the stack algorithm needs to be violated onlyhe extent that any
task-driven structure at the top of the stack is only exettram its initial state
if the relevant part of the database is incomplete.

However, a closely related, issue (and one that causeditis researchers
to change theipAm structure) is the situation where a user-initiative forttes
revision/reopening of a major topic already popped fromdtaek; e.g., in a
bathroom world, the user has chosen pink tiles but later,argr own initia-
tive, decides she would prefer blue and initiates the togaira This causes
our proposal no problems: the tile-colour-choixer structure is pushed again
(empty and uninstantiated) but with an entry subnetworkdha check the data-
base, see it is complete, and begin the subdialogue in a \aayetfponses show
the system knows a revision is being requested. It seemstolaa that a simple
stack architecture is proof against arguments based oretiteto revisit popped
structures, provided the system can distinguish this cesadger initiative) from
the last (a complete structure revisited by system inu@gti
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A similar device will be needed when a partly execubted on the stack is re-
entered after an interval; a situation formally analogaua very long syntactic
dependency or long range co-reference. In such cases, ahmdd be asked
whether he wishes to continue the suspended network (to letiorp. It will
be an experimental question later, when data has been ¢ethendnether there
are constraints on access to incomples€es that will allow them to be dumped
from the top of the stock unexecuted, provided they containnfilled requests
for bathroom choices.

We expect later to build into theam an explicit representation of plan tasks,
and this will give no problem to @AF since recursive networks can be, and
often have been, a standard representation of plans, whidtesnt odd that
some redesigners a@fAM’s have argued against usifgNs asbAM models,
wrongly identifying them with low-level dialogue grammarather than, as they
are, structuresafNs) more general than those for standard pl&Tsi§).

3 Learning to annotate utterances

In the second part of this paper, we will focus on some expamision modelling
aspects of dialogue directly from data. In the joint EU-, USaded project
AMITIES? we are building automated service counters for teleph@sedbinter-
action, by using large amounts of recorded human-human data

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

Two key annotated corpora, which have formed the basis fok wo dia-
logue act modelling are of particular relevance here: firtyERBMOBIL cor-
pus , which was created within the project developingubeBMOBIL speech-
to-speech translation system, and secondly,stherCHBOARD corpus (Juraf-
sky et al. 1998). Of the twoswITCHBOARD has generally been considered
to present a more difficult problem for accurate dialoguenaatielling, partly
because it has been annotated using a total of 42 distinogdia acts, in con-
trast to the 18 used in theeRBMOBIL corpus, and a larger set makes consistent
judgements harder. In additioswITCHBOARD consists of unstructured non-
directed conversations, which contrast with the highlylgtieected dialogues of
the VERBMOBIL corpus.

One approach that has been tried for dialogue act taggirtgeisise of n-
gram language modelling, exploiting ideas drawn direatbyf speech recogni-
tion. For example, Reithinger & Klesen (1997) have appligchsan approach
to thevERBMOBIL corpus, which provides only a rather limited amount of train
ing data, and report a tagging accuracy of 74.7%. Stolcke. €2@00) apply

2 Seehttp://www.dcs.shef.ac.uk/nlp/amities/
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a somewhat more complicated n-gram method to gheTCHBOARD corpus
(which employs both n-gram language models of individutdrances, and n-
gram models over dialogue act sequences) and achieve agaggguracy of
71% on word transcripts, drawing on the full 205k utteranokthe data. Of
this, 198k utterances were used for training, with a 4k attee test set. These
performance differences can be seen to reflect the diffetadifficulty of tag-
ging for the two corpora.

A second approach by Samuels et al. (1998), uses transformzdsed learn-
ing over a number of utterance features, including utterderogth, speaker turn
and the dialogue act tags of adjacent utterances. Thewachim average score
of 75.12% tagging accuracy over theRBMOBIL corpus. A significant aspect
of this work, that is of particular relevance here, has asiid the automatic
identification of word sequences that would form dialogueca®s. A num-
ber of statistical criteria are applied to identify potatiti useful n-grams which
are then supplied to the transformation-based learnindpadeto be treated as
‘features’.

3.1 Creating a naive classifier

As noted, Samuels et al. (1998) investigated methods fantifgang word n-
grams that might serve as useful dialogue act cues for uganagés in transfor-
mation-based learning. We decided to investigate how wghams could per-
form when used directly for dialogue act classification,, ivéth an utterance
being classified solely from the individual cue phrasesritams. Two questions
immediately arise. Firstly, which n-grams should be aceeais cue phrases for
which dialogue acts, and secondly, which dialogue act taglshbe assigned
when an utterance contains several cues phrases that arativel of different
dialogue act classes. In the current work, we have answertbdah these ques-
tions principally in terms opredictivity, i.e., the extent to which the presence of
a certain n-gram in an utterance is predictive of it having@ain dialogue act
category, which for an n-gram and dialogue act categodycorresponds to the
conditional probability:P(d |n).

A set of n-gram cue phrases was derived from the trainingldatallecting
all n-grams of length 1-4, and counting their occurrencethénutterances of
each dialogue act category and in total. These counts aléote scompute the
above conditional probability for each n-gram and dialogae This set of n-
grams is then reduced by applying thresholds of predigtavitd occurrence, i.e.,
eliminating any n-gram whose maximal predictivity for anpldgue act falls
below some minimum requirement, or whose maximal numbercofimences
with any category falls below a threshold value. The n-gréimas remain are
used as cue phrases. The threshold values that were used éxmrriments
were arrived at empirically.
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To classify an utterance, we identify all the cue phrasesiitains, and deter-
mine which has the highest predictivity of some dialoguecatégory, and then
that category is assigned. If multiple cue phrases sharsahme maximal pre-
dictivity, but predict different categories, one categmrassigned arbitrarily. If
no cue phrases are present, then a default tag is assignesspmnding to the
most frequent tag within the training corpus.

3.2 Corpus, data sets and experiments

For our experiments, we used tls&vITCHBOARD corpus, which consists of
1,155 annotated conversations, comprising around 20%kamtes. The dia-
logue act types for this set can be seen in Jurafsky et al.7{19Brom this
source, we derived two alternative datasets. Firstly, vimeted 50k utterances,
and divided this into 10 subsets as a basis for 10-fold cvaidation (i.e., giv-
ing 45k/5k utterance set sizes for training/testing). Mokime was selected as
being large enough to give an idea of how well methods coulfbpa where a
good volume of data was available, but not too large to pibexXperiments with
10-fold cross-validation from excessive training timeseBecond data set was
selected for loose comparability with the work of Samuelfb@ary and Vijay-
Shanker on thgErRBMOBIL corpus, who used training and test sets of around 3k
and 300 utterances. Accordingly, we extracted 3300 uttemfromswITCH-
BOARD, and divided this for 10-fold cross-validation. We evakdathe naive
tagging approach using these two data sets, in both caseg agiredictivity
threshold of 0.25 and an occurrence threshold of 8 to deterthie set of cue
phrases. Applied to the smaller data set, the approachsyéeldgging accuracy
of 51.8%, which compares against a baseline accuracy o¥3&d&m applying
the most frequently occurring tag in tB&ITCHBOARD data set (which isd—
statement). Applied to the larger data set, the approadtisygetagging accuracy
of 54.5%, which compares to 33.4% from using the most fretjizen

Further experiments suggest that we can dramatically ivgatis score. We
introduced start and end tags to every utterance (to captusses which serve
as cues when specifically in these locations), and trainedetacsensitive to
utterance length. For example, we trained three models —fa@metterances
of length 1, another for length between 2 and 4 words, andhandor length
5 and above. Combining these features, we obtained a créidated score
for our naive tagger of 61.92% over the larger, 50k data séh(a high of
65.03%). Given that Stolke et al. achieve a total taggingieay of around
70% onsSwWITCHBOARD data, we observe that our approach goes a long way to
reproducing the benefits of that approach, but using onlaetibn of the data,
and using a much simpler model (i.e., individual dialoguecaes, rather than a
complete n-gram language model).
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3.3 Experiments with Transformation-Based Learning

Transformation-Based LearninggL) was first applied to dialogue act mod-
elling by Samuel, Carberry and Vijay-Shanker. They actdeweerall scores of
75.12% tagging accuracy, using tiERBMOBIL corpus. As previously noted,
an aspect of their work addressed the identification of piatlecue phrases, for
use as features during transformation based learnings@.¢ransformation rules
can be learned which require the presence of a given cue agextoondition
for the rule firing. In that work, the initial tagging statetbf training data from
which TBL learning would begin was produced by assigning every uitera
default tag corresponding to the most frequent tag overrlieeecorpus.

In our experiments, we wanted to investigate two issuestliiwhether a
more effective dialogue act tagging approach could be prediby using our
naive n-gram classifier as a pre-tagger generating thalitétgging state over
which aTBL tagger could be trained. It seems plausible that the inetkascu-
racy of the initial tag state produced by the naive classifisrcompared to as-
signing just the most frequent tag, might provide a basigvfore effective subse-
guent training. Secondly, we wanted to assess the impasirmg larger volumes
of training data with a transformation based approach,gikiat Samuel et al.’s
results are based on a quite small data set fronvHRBMOBIL corpus.

For an implementation of transformation based learningused the freely
availableu-TBL system of Lager (1999). The current distribution;ofTBL
provides an example system for dialogue act modellingutiolg a simple set
of templates, which is developed with reference to the Saetua. work, and
applied to the MapTask domain (Lager & Zinovjeva 1999). Weehased this
set of templates for all our experiments. We should note tivatLager and
Samuel et al. template sets differ considerably, e.g., 8aetwal. use thousands
of templates (together with a Monte Carlo variant of thenirag algorithm),
whilst the u-TBL templates are much fewer in number, may refer only to the
dialogue act tags of preceding utterances (i.e., not bt right), and may
refer to any unigram or bigram appearing within utterancepat of a context
condition, i.e., they are not provided with a fixed set of dgale act cues to
consider.

Our best results over the larger data set from3heTCHBOARD corpus are
around 66%, applyingsL to an initial data state produced by the naive classifier.
Interestingly, our results indicate the naive classifidriees most of the gain,
with TBL consistently adding only 2 or 3%. In further work, we intendapply
other machine learning algorothms to the results of prggiry the data using a
naive classifier.
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3.4 N-best dialogue act classification

Our most recent experiment shows interesting promise. Vile dwlassifier

using the 45k utterance training set, and tested it on thettgkamce test set.
However, rather than attempting to find the single best miatech the classifier,

we tagged each utterance with the top 5 possible utteraaseasdicated by the
classifier on the basis of the predictivity of the n-gramstttierance contained.
On a cross-validation of the corpus, we calculated that86.6f the time the

correct dialogue act was contained in the 5-best outputeo€idssifier. In order
to create some baseline measure, this experiment was eepesing the top
5 n-grams occurring by frequency in tis&/ITCHBOARD corpus. The tagging
accuracy of this experiment was 71.09%.

This would appear to confirm our belief in a limit on the potehtesolution
to this classification problem using n-gram based corpulysisa However, we
can offer an ordered list of possible alternatives to sorghédrilevel structure in
the bm, where although the maximum attainable score is lower, teher 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 distioe struc-
ture of DAFs, and their bounds from segmentations of the corpus, fromo-an
tated corpora? We are currently exploring the possibilftgeriving theDar
structures themselves by taking a dialogue-act annotatgais and then anno-
tating it further with an information extraction engine (saon & Traum 2000)
that seeks and semantically tags major entities and thddaleclations in the
corpus, which is to say, derives a surface-level semantictsire for it. One
function of this additional semantic tagging will be to addtures for the DA
tagging methods already described, in the hope of improwingearlier figures
by adding semantic features to the learning process.

The other, and more original possibility, is that of seekiegeated sequences
of DA amd semantic triple type (verb, plus agent and objgut$)y and endeav-
ouring to optimise the “packing” of such sequences to fill agmas possible of
a dialogue by using some algorithm such as Minimum Desoridtength, so as
to produce reusable, stereotypical, dialogue segmentarifipate combining
this with some corpus segmentation by topic alone, follgwitearst’s (1993)
tiling technique.

Given any success at learning the segmentation of dialogtze de expect
to use some form of the Reinforcement Learning approach ¢€&§1990) to
optimise theDAF’s themselves.
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5 Discussion

The work in the last section is at a very preliminary stagéwiliwe hope form
part of the general strategy of this paper which is to derisetaf weak, general,
learning methods which will be strong in combination. Thisans the effect of
the combination of a top downAM usingDAFs learned from corpus data, with
a DA and semantics parser learned from the same data. It is #@dtion of
these bottom-up and top-down strategies in dialogue utadeting (where the
former is taken to include the ambiguities derived from tbeustic model) that
we seek to investigate. This can perfectly well be seen aoptre program for
a full dialogue model laid out in Young (2002) in which he esaged a dialogue
model as one where different parts are separately obsenceframed before
being combined.

We have shown that a simple dialogue act tagger can be crdwedses
just n-gram cues for classification. This naive tagger perfomodestly, but
still surprisingly well given its simplicity. More signifantly, we have shown
that a naive n-gram classifier can be used to pre-tag the topuinformation
based learning, which removes the need for a vast numbegodm-features to
be used in the learning algorithm. One of the prime motisfor using TBL
was its resiliance to such a high number of features, so byvamny the need
to incorporate them, we are hopeful that we can use a widgrerahmachine
learning approaches for this task.

In regard to the naive n-gram classifier, we have describedetraining of
the classifier involves pruning the n-gram by applying thodds for predictivity
and absolute occurrence. These thresholds, which are ieallyidetermined,
are applied globally, and will have a greater impact in ehiating possible n-
gram cues for the less frequently occurring dialogue a@gypVe aim to inves-
tigate the result of using local thresholds for each diatoget type, in an attempt
to keep a adequate n-gram representation of all dialogséygus, including the
less frequently occurring ones.

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

With the generation of more data from our already functigmam we hope
to derive constraints on stack access and the reopeningd ofigbppeddAFs.
This, if successful, will be an important demonstrationtdd tifferent function-
ing of DAFs as contrasted with the useafNs in syntactic analysis (e.g., Woods
1970) where non-determinisn requires both back trackimjthe exhaustion of
all unpoppediTns for completeness and the generation of all valid parsihgs o
sentence. It should be noted that this is not at all the case teere is no pro-
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vision for backtracking irbAFs and we expect to derive strong constraints such
that not all unpoppedars will be reactivated. Analogous to the early dialogue
findings of Grosz (1977) and Reichmann (1985) we expect sopeppedbAFs

are not reopenable after substantial dialogue delay, futey showed that dia-
logue segments and topics were closed off and became ellghaacessible.
Also, theATN interpreter, unlike it's use in syntactic processing, ised®inis-
tic, since, in every state, there will be a best match betvgeeme arc condition
and incoming representations. In this paper, we have disduaspects of our
approach to dialogue analysis/fusion and control, but ma¢te¢ouched at all on
generation/fission and the role of knowledge rich itemshsascbelief and plan-
ning structures, in that phase.
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Learning Domain Theories

STEPHEN G. PULMAN & M ARIA LIAKATA
Computational Linguistics Group, Centre for Linguisti@xford University

Abstract

By a ‘domain theory’ we mean a collection of facts and gersatbns
or rules which capture what commonly happens (or does nqiémgpn
some domain of interest. As language users, we implicithwdon such
theories in various disambiguation tasks, such as anaphscdution and
prepositional phrase attachment, and formal encodingsrofih theories
can be used for this purpose in natural language procesEimay. may also
be objects of interest in their own right, that is, as the outif a knowledge
discovery process. We describe a method of automaticaliyileg domain
theories from parsed corpora of sentences from the relelangin.

1 Domain theories

The resolution of ambiguity has been a perennial topic afragt among lin-
guists and computational linguists. In the early days ofegative linguistics,
the existence of various types of ambiguity was used tofjualistract levels of
linguistic structure:

@) Flying planes can be dangerous.
(2) He saw the man with the telescope.

These examples show, respectively, that the same sequenceds can have
different assignments of parts of speech (lexical categhriand that the same
sequence of parts of speech can have differing constittiertgres associated
with them. However, after some initial flirtations with ‘santic features’, the
problem of resolving such ambiguities in a given context natsseriously pur-
sued, since it was regarded as what we would now call ‘Al-detep requiring
the encoding of salient features of the context as well asarasunts of non-
linguistic knowledge:

For practically any item of information about the world, tleader
will find it a relatively easy matter to construct an ambigsiaen-
tence whose resolution requires the representation oftématKatz
& Fodor, 1964:489).

Early work in computational linguistics reinforced thisnmusion, pointing out
that it is not just lists of facts that are involved in disagumtion, but reason-
ing based on those facts. Furthermore, the kind of contesg¢aaoning required
to disambiguate some sentences can draw on facts whichreegsiubtle un-
derstanding of social or political structures, rather tfaats about the physical
world:
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3) The police refused the students permission to demdashecause
they advocated/feared violence.

The decision as to whether ‘they’ refers to ‘the police’ ofttee students’ with
one or another of the alternative verbs, seems to be giveubgssessment of
the relative plausibilities of the propositions ‘police/dents advocate violence’
and ‘police/students fear violence’, and the likelihoodttbach of these propo-
sitions could form a reason for the police withholding pession. This decision
involves judging the plausibility of a proposition infedrdrom things already
known, but itself novel: it is very unlikely that a hearer f@smsciously or un-
consciously worried on any previous occasion about whetbkte advocate or
fear violence more than students do.

Current implemented approaches to the disambiguatiorigarotely on sta-
tistical methods, for the most part. Starting with a corpidisambiguated sen-
tences (a treebank), some kind of classifier is trained tindisish ‘good’ from
‘bad’ parses of new sentences. The classifier will be traoretieatures’ in the
machine learning sense, typically some combination of lveadls and gram-
matical or structural relations. This classifier may be igipas an integral part
of the parsing algorithm (e.g., Collins 1997) or a separatafonent acting as
a ranking mechanism on the output of an N-best parser (asriy wark like
Alshawi and Carter 1994, or more recent systems like Codlivés Duffy 2002).

At the current state of the art, training a statistical dfeessto perform dis-
ambiguation is the method of choice, and will deliver a leveperformance
that traditional symbolic methods, even where they arelabiai, are unable to
approach. Nevertheless, our position is that while theslenigues are clearly
the best current engineering solution to the problem ofrdisguation, they are
unsatisfactory in several scientific respects. Firstlgsthsolutions do not easily
(or at all) generalise from one type of disambiguation peabko another. For
example, in the following sentences it is intuitively cle¢lat the same piece of
general knowledge - that you can cut bread with a knife - isliusearry out a
PP attachment decision, interpret a compound nominal, ssigraan 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 cifissthat one might
build to disambiguate the PP attachment for the remainirgy itwerpretation
tasks.

Secondly, it is by no means clear that one can in practicendxtatistical
methods to the case of context-dependent disambiguatida,tbe kind of rea-
soning found in cases of conversational implicature oetrahce’. Many disam-
biguation decisions require knowledge of what entitiessaleéent, unique, etc.
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Consider the task of deciding whether ‘by the factory’ skidoé construed as
an agentive or a locative phrase in the following examplaseft from a Google
search for ‘by the factory’):

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

(8) In our offices, located by the factory, we have our expepaitment
where experienced pesonnel attends the requirements cxpairt
costumergsic) ...

The correct decision in the first example requires the copemoun resolution

to have been made. Surely the task of getting enough comteébxdiaambiguated

example training material pairs would be in practice imfass the sparse data
problem is bad enough for context-independent sentenaentligiuation.

What is the alternative? We suggest that the traditionadlevis— that you
need a lot of knowledge of the world to make disambiguatiotisiens — is
largely correct. Furthermore, the observation that thm#eadge of the world is
not just a list of facts, but is organised in a deductive stniecthat allows you
to make novel inferences is also largely correct. The goess, how do we
get such theories? The early pessimism about the posgibilibuilding large
scale monolithic theories by hand is surely justified, aljiothere have been
some heroic (and expensive) attempts (Lenat 1995). Morgdvis not clear
that a single ‘theory of the world’ is what is wanted: expade in using general
linguistic classification schemes, such as WordNet (Felbd998), suggests
that in particular domains, word usage and relationshipshearather different
from ‘general usage’, which is presumably based on an atistrafrom many
such domains, not necessarily chosen systematicallyeRatimore focused and
less ambitious aim is to develop a theory for a particular @omby ‘domain
theory’ we mean a collection of facts and generalisatiornsii@s which capture
what commonly happens (or does not happen) in some domaieoést.

Domain specific hand-crafted theories have been develaped fime to
time: the earliest was perhaps embodied in the ‘preferesiceastics’ of Wilks
(1975) (although this was in fact quite general in its inexhdoverage) and more
recent attempts have been described by Hobbs et al. (1988)\r, even con-
structing such smaller theories is still an extremely labotensive business.

What we need is some way of automatically, or semi-automlftignducing
domain theories from data of some kind. But from what kindat® Here, we
can perhaps go back to the original observation that in dalerake a disam-
biguation decision, we need a great deal of knowledge aheuwttrld. However,
the observation that disambiguation decisions depend owlkdge of the world
can be made to cut both wayjsist as we need a lot of knowledge of the world
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to make disambiguation decisions, so a given disambignatezrision can be
interpreted as telling us a lot about the way we view the $tmacof the world.
Since in the general case it is a much easier job to disamtgigeatences than to
directly encode the theory that we are drawing on in so d@itgtter strategy for
trying to build a domain theory would be to try to capitalisetbe information
that is tacitly contained in those disambiguation decision

2 A partial ATIS domain theory

In Pulman (2000) it was shown how it was possible to learn gprdomain
theory from a disambiguated corpus: a subset of the ATISti@iel informa-
tion service) corpus (Godfrey & Doddington 1990). Ambiga@entences 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 simglifist order log-
ical forms representing the semantic content of the vanieadings of the sen-
tences. The ‘good’ readings were used as positive evidamckthe ‘bad’ read-
ings (or more accurately, the bad parts of some of the reajlingre used as
negative evidence. For example, the good and bad readinge @fst example
above are:
Good:

JA flight(A) & from(A,washington) & to(A,atlanta)
& cheapest(A) & would _like(e73,1,A)
Bad:

JA flight(A) & from(A,washington) & cheapest(A)
& would _like(e75,I,A) & to(e75,atlanta)

We use an eventish semantics for verbs: ‘€73’ etc are skoderstants deriving
from an event quantification, denoting events. The bad ngaclaims that it is
the liking event that is going to Atlanta, not the flight. Nebet some compo-
nents of the logical form are common to both the good and badimgs: when
shared components are factored out, and we have skolemideiasmsformed
to clausal form, the positive and negative evidence derfv@u this sentence
would be:
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Positive:
cheapest(sk80).
flight(sk80).
from(sk80,washington).
to(sk80,atlanta).
would _like(e73,1,sk80).
event(e73).
Negative:
not(to(e73,atlanta))
Note that we have added some extra background sortal infammrta distinguish
events from other individuals. We also add some other backgt sortal infor-
mation: that United, American etc. are airlines, that Atdeaind Washington are
cities, and so on.

Next we used a particular Inductive Logic Programming atpar, Progol
(Muggleton 1994), to learn a theory of prepositional relas in this domain:
i.e., what kinds of entities can be in these relations, andkvbannot:

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

The+any declaration says that we have no prior assumptions abdat sestric-
tions on these predicates. Among others we learn gendralisdike 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 hoaal be on flights,
meals can be on flights, and flights can be on (particular).ddgwever:

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 frii@sc Using
a different ILP algorithm, WARMR (Dehaspe & De Raedt 1997, €liscov-
ering frequent patterns (in data mining terms, associatites) and the system
Aleph (Srinivasan 2003) for deriving constraints from #hesles, 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 givgguspbut may not be
true more generally. However, these constraints betwegpogitions 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 thadtitd be used
successfully in disambiguating a small held-out sectiothefcorpus, by check-
ing for consistency between logical forms and domain tlesofThere are many
variations to be explored here, but in this particularly@iesetting the negative
domain theory, i.e., the generalisations or constraintsitlvhat doesNOT hap-
pen are the easiest to employ. A ‘good’ reading of an ambiggeuntence will be
consistent with a negative constraint, whereas a ‘bad’ingadill lead to a con-
tradiction. This can be implemented using a model buildefifet order logic,
in our case, a version of Satchmo (Manthey & Bry 1988). We rassas axioms
the negative domain theory. We parse a sentence, and tunrpaese tree into a
first order logical form. We then add each logical form in ttothe axioms, and
see whether we can build a model, i.e., whether the conpmcti the negative
domain theory and the logical form is satisfiable or consisté we can build a
model, the logical form is a plausible one; if we cannot, &isimplausible one.
To illustrate from the example of a bad logical form givenliear
JA.flight(A) & from(A,washington)
& cheapest(A) & would _like(e75,1,A)
& to(e75,atlanta)
& event(e75) & city(atlanta)
will contradict:
VA,B.event(A) & city(B) — not(to(A,B))

and so no model can be constructed.

While the numbers of sentences involved in this experimentao small for
the results to be statistically meaningful, the experinpgoved that the method
works in principle, although of course in reality the notmfriogical consistency
is too strong a test in many cases. Note also that the redute theory induc-
tion process are perfectly comprehensible - we get a thedty seme logical
structure, rather than a black box probability distribntid'he theory we have
got can be edited or augmented by hand, and could be usedhéartgpes of dis-
ambiguation task, such as word disambiguation and proresoiution. It could
also be used for other types of NLP task altogether: logicaiain theories have
recently been used to improve performance in natural laggygaestion answer-
ing tasks (Moldovan et al 2003) and it has been argued thatraiic creation
of templates for Information Extraction could benefit froatk domain theories
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(Collier 1998). The output of our theory induction procduasstmeets the criteria
of transparency and reusability discussed earlier.

3 Scaling up

Of course, the ATIS corpus is relatively simple and homogeseThe question
is whether this technique will scale up to larger and nois@pora. However,
this is rather difficult to do in practice since the methoduiegs the corpus in
guestion to be analysable to the extent that complete Ibfgicas can be recov-
ered for both good and bad readings of sentences. We know sficto large
corpora: however, the Penn Tree Bank(Marcus et al. 1994)gsod starting
point, since the syntactic annotations for sentences ghene are intended to be
complete enough for semantic interpretation, in pringiptdeast.

In practice, as we reported in Liakata and Pulman (20023,hityino means
easy to do this. We were able to recover partial logical fofmos a large pro-
portion of the treebank, but these are not complete or atxarsough to simply
replicate the ATIS experiment. In order to approach this elected about 40
texts containing the verb ‘resign’, all reporting, amonbgestthings, ‘company
succession’ events, a scenario familiar from the Messagietdtanding Confer-
ence (MUC) task (Grishman & Sundheim 1996). The texts aneslitt almost
4000 words in all. Then we corrected and completed the autoatist produced
logical forms by hand to get a fairly full representation loé tmeanings of these
texts (as far as is possible in first order logic). We alsolvesbby hand some
of the simpler forms of anaphoric reference to individualsimulate 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 eleated
director. He succeeds Terrence D. Daniels,... who resigned

was represented by the following sequence of literals:

verb(el,elect).
funct_of('J.P._Bolduc’,x1).

;ﬁbj(el,unspecified).
obj(el,x1).
description(el,x1,director,del).

verb(e5,succeed).

subj(eb,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 impletat@m reasons. It can
be paraphrased as follows: there is an event, el, of elettiegubject of which
is unspecified, and the object of which is x1. x1 is charasgerias ‘J P Bolduc’,
and el assigns the description del of ‘director’ to x1. Thermn event e5 of
succeeding, and x1 is the subject of that event. The objeeb & x6, which is

characterised as Terrence D Daniels. There is an event esighing and the
subject of that event is x6.

The reason for all this logical circumlocution is that we aggng to learn a
theory of the ‘verb’ predicate, in particular we are intéeelsn relations between
the arguments of different verbs, since these may well bieatige of causal or
other regularities that should be captured in the theorjhefdompany succes-
sion domain. If the individual verbs were represented adipates rather than
arguments of a ‘verb’ predicate we would not be able to gdiseraver them: we
are restricted to first order logic, and this would requirghleir order variables.

We also need to add some background knowledge. We assumly aifaple
flat ontology so as to be able to reuse existing resourcese ®aiities were as-
signed to classes automatically (see below for detailseothinstering techniques
used), others had to be done by hand. The set of categorigsvase:

company, financial instrument, financial transaction, lib@a, money,
number, person, company position, product, time, and wfib(-
ganisation)

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

class(person,x1).

class(company,x3).

etc.
Ideally, to narrow down the hypothesis space for ILP, we remte negative
evidence. In the ATIS case, we were able to do this becausgavser was able
to find all parses for the sentences in question, good andlbdtde case of the
Penn Tree Bank, only the good parse is represented. Theseweal possible
ways of obtaining negative data, of course: one could useseptained on the
Tree Bank to reparse sentences and recover all the parsesveipthere still re-
mains the problem of recovering logical forms from ‘bad’ g&8. An alternative
would be to use a kind of ‘closed world’ assumption: take thiecs predicates
and arguments in the good logical forms, and assume that@mbpination not
observed is actually impossible. One could generate &atifiegative evidence
this way.

Alternatively, one can try learning from positive only daRaogol and Aleph
are able to learn from positive only data, with the apprdpriettings. Also,
so-called ‘descriptive’ ILP systems like WARMR do not alvgayeed negative
data: they are in effect data mining engines for first ordgrddearning 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 absdntegative data,
was to use WARMR to learn association rules from the posdata. As with
all types of association rule learning, WARMR produces aghugmber of rules,
of varying degrees of coverage. We spent some time writitgydilto narrow
down the output to something useful. Such filters consistooftraints ruling
out patterns that are definitely not useful, for examplegoast containing a verb
but no arguments or attributes. An example of such a restniés 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 vetbae of its attributes
that satisfies a certain constraint. A constraint is of thieiong form:

constraint_on_attr(Patt, Attr) :-

member(class(_,Attr), Patt).

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

Some of the filtered output, represented in a more readabtedompatible
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:
0bj(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,l) & subj(C,L)
& class(person,L)
— verb(C,resign)

If person C succeeds person E, then someone has electea [@rso

0bj(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 Cexle e

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 irdtventhan this, the
samples given here are true generalisations about the fygwents described in
these texts: unremarkable, perhaps, but characteristitealomain. It is note-
worthy that some of them at least are very reminiscent of the &f templates
constructed for Information Extraction in this domain, gasting a possible fur-
ther use for the methods of theory induction described here.

In the ATIS domain, we were able to evaluate the usefulnedsacuracy of
the rules induced by applying them in a syntactic disamhignaask. However,
we have not been able to replicate that evaluation here, ¥ariaty of reasons
of which the most important is the relative sparseness aofutes derived: much
more information would be needed in most cases for sucdatisambiguation.

5 Next steps

In our current work we are trying to scale up again. Howeweda this suc-
cessfully we need better ways of obtaining negative evidesied of formalising
background knowledge. For the former, we intend to expertméth a wide
coverage parser which is capable of delivering all analj@esentences rather
than simply the best one. For the latter we have used clogtethniques to try
to group logical predicates into classes which will allowe tharious ILP algo-
rithms to generalise over samples of evidence involvingetgedicates. In the
ATIS experiment we carried this step out by hand, whereath®scompany suc-
cession succession events we used a mixture of automgtiteailved and hand
made classes. Obviously, a larger data set would requiradtdmation of the
process.

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

predicates X arguments X frequency
An artificial example of such a matrix is:
cat | dog | father| computer
snoreargl|{ 3 |2 10 0
hit_argl 2 |4 1 2
hit_arg2 6 |7 2 20




LEARNING DOMAIN THEORIES 39

This says thatcat occurs as first argument of ‘snore’ three timedpg twice,
fatherten times andcomputemot at all. We used Autoclass (Cheeseman 1995)
to form clusters of verb argument slots such that the onegpgid together are
those verb slots filled by the same words. Classification disyrand words that
feature as their arguments was then easily derivable.

We ran Autoclass assuming that word frequencies follow anabdistribu-
tion, with dependencies between members of the same clagsclass found
between 32 to 55 clusters, depending on whether the tabkisted of abso-
lute frequencies, logarithms of frequencies or whetherethead been a pre-
processing stage for grouping together person namesjdosanumerical ex-
pressions and company names. This pre-processing stagieadvchecking
against various gazetteer lists. We decided to stick witltl@&ters, since the
classification into more groups did not make the intuitiveibdor the clusters
any more obvious. These were the clusters obtained for @l frequencies
of the pre-processed data.

Many of the resulting classes are difficult to interprethaitgh about half
have some clear intuitive basis, once some outliers araégino

Class 9: plunge, soar, climb, decline, jump, slide,

plummet, pick up, slip

These verbs seem to have a common theme of a sudden movenemthan
we look at the most frequently occurring arguments of sontberh it becomes
clear that they describe sudden movements of what mightlicae class of
‘financial indicators’:

PLUNGE_argl: subject argument:

dow_jones_industrial_average, income, stock, person,

profit, market, earnings, average, net,
share, price

SOAR_argl: 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_arg1l:
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 fionikaistype 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 relationsbgeh other:

Class 23: know, believe, think

Class 24: buy, pay, purchase, own
As well as Autoclass, which is essentially classificatiorExpectation Maximi-
sation, we also tried another method of clustering baseddegendent Compo-
nent Analysis (Roberts & Everson 2001). This latter appnaaeolved obtaining
the matrix of frequencies and minimizing its dimensionsurdasses resulted
from this method but while easily interpretable, they were general to be of
use for our purposes. Nevertheless, the theoretical faiomdaf this clustering
technique may well make it more suitable for future workgcsiit makes more
realistic assumptions about the distributions our samguie$rom.

In principle, the way we would proceed having satisfacyagiiouped predi-
cates into clusters (perhaps hierarchical, although sadéahave not attempted
this) would be then to assign informative labels to clustersl represent the
relations between clusters and their members as backgkmavdedge:

plunge(X) — move_suddenly(X)
soar(X) — move_suddenly(X)
plummet(X) — move_suddenly(X)
ﬁﬁancial _indicator(X) —  plummet(X)

financial ~ _indicator(X) — soar(X)

abw_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 emily over related
examples.

As for evaluation, our original hope was to be able to use graveld theory
both for syntactic disambiguation and for other tasks léference resolution. In
particular, we wanted to be able to deal with the cases thra¢mily successful
pronoun resolution algorithms (e.g., Hobbs 1978, Bogueael/Kennedy 1996)
getwrong. These are cases where the structural confignsgireferred by these
algorithms yield interpretations that to us are clearlylguogible. Lappin (2004)
has argued that however successful a structural or staflgtbased algorithmis,
there will always be a residue of cases like these whereldétabrld knowledge
and reasoning is required to get the right result.

The following examples from the Penn Tree Bank illustrateghenomenon
in question:
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(9) The governmeptounts money as;its spent.

Parallelism and grammatical relation salience will conetdimstrongly prefer the
reading indicated, which is of course wrong. In order to dderthis reading and
select the correct one you need to know that while it is pds$ds money to be
spent, it is not possible for a government to be spent (at,leas in the same
sense).

An example close to the kind of clusters we have been ablediacmis this
one, where again the structural preference would be asdtetic

(20) Investorsusually notice markets because thage or fall rapidly.

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

It is arguable that a statistical system for pronoun regmiytwhich infers
sortal restrictions on arguments from collocations, wauidbably be able to
deal with the above example. However, this is certainly hetdase for examples
like the following:

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

Again, if we ignore the content of the sentence, the mostyliketecedent for
‘them’ is the one indicated. In order to see that this is inect; we need to know
an axiom associated with ‘among’: roughly, that if X is amorg and all Ys
are P, then X is P. However, this axiom is somewhat more atistran those we
are learning (although domain specific versions are atbtééhand it remains to
be seen whether it is possible to learn a theory with enouglthveind depth of
coverage to be properly evaluated on something like a prod@ambiguation
task.

A further possibility is to use the domain theory learningtihegl described
here to learmewknowledge. The domain theories we have described so far are
trying to encapsulate the ‘common-sense’ understanditggiequired to inter-
pret and disambiguate texts - this is routine, everyday kedge that members
of the relevant community can be expected to share. But ihatead had parsed
texts from some technical domain - for example, the proteieraction research
abstracts used in the information extraction experimestideed in Thomas et
al. 2000 - it is conceivable that an induced theory might eeltl one to be able
to deduce some completely new and useful information alt@itdomain. By
putting together information from different texts in therfoof facts and infer-
ence rules, it may be possible to derive new conclusionsitbald 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 sucheassummariza-
tion and question-answering places increasing demandsegprbcessing
of temporal information in natural languages. To suppads, tseveral new
capabilities have emerged. These include the ability teetamts and time
expressions, to temporally anchor and order events, andil tmodels
of the temporal structure of discourse. This paper dessriioene of the
techniques and the further challenges that arise.

1 Introduction

Natural language processing has seen many advances i yeees. Problems
such as morphological analysis, part-of-speech taggemgend entity extraction,
and robust parsing have been addressed in substantial wWéysid systems
that integrate statistical and symbolic methods have gréeodde successful in
particular applications. Among the many problems remairimbe addressed
are those that require a deeper interpretation of meaniatg the challenges in
acquiring adequate linguistic and world knowledge are turttisl.

Current domain-independent approaches to extractingragmaformation
from text make heavy use of annotated corpora. These agm@eaequire that
an annotation scheme be designed, debugged, and testedtdganan anno-
tators provided with an annotation environment, with irgenotator reliability
being used as a yardstick for whether the annotation taskgaidklines are
well-defined and feasible for humans to execute. A mixetaitive approach
that combines machine and human annotation can then be asethdtate a
corpus, which is in turn used to train and test statisticassifiers to carry out
the annotation task.

The above corpus-driven methodology is expensive in tefnemigineering
cost. There are various ways of lessening the expensedinglurading off
quality for quantity. For example, a system can be trainethfa very large
sample of fully automatic annotations and a smaller samipfeiman-validated
annotations. Nevertheless, the total cost of putting tueyetn annotation scheme
and applying it to produce a high-quality annotated corpusiil high.

Temporal information extraction offers an interestingecagidy. Temporal
information extraction is valuable in question-answeflg., answering ‘when’
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questions by temporally anchoring events), informatiameetion (e.g., normal-
izing information for database entry), summarization (enally ordering infor-

mation), etc. Here, as we shall see, a system has to striveeriatively deep
representation of meaning. However, the methodology redliabove breaks
down to some extent when applied to this problem. This in tuggests new
approaches to annotation by humans and machines.

2 Temporal information extraction

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

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

A natural language system should be ablariohor the falling event to a partic-
ular time (yesterday), as well asder 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 statghier called eventual-
ities), tense information, and time expressions. Therlattk be lumped under
temporal adverbials,including temporal prepositionsjgnctions, etc. Further,
in order to link events to times, commonsense knowledgedsssary. In par-
ticular, we infer that the breaking occurred the same dayhaddlling, as a
result of it, and as soon as the fall occurred. However, thia default infer-
ence; additional background knowledge or discourse indtion might lead to
an alternative conclusion.

Consider a second example discourse (2):

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

Here we need to understand that the use of the progressive(ifer., aspectual
information) indicates that the twisting occurrddring the ‘state’ of running
the marathon. Knowledge of tense (past perfect) suggestshta pushing oc-
cursbeforethe twisting (at least). Commonsense knowledge also stgytiest
the pushing occurbeforeand caused the twisting. We can see that even for in-
terpreting such relatively simple discourses, a systenhtmgguire a variety of
sources of linguistic knowledge, including knowledge afde, aspect, tempo-
ral adverbials, discourse relations, as well as backgréuaond/ledge. Of course,
other inferences are clearly possible, e.g., that the ngstoppedfterthe twist-
ing, but when viewed as defaults, these latter inferencexm e be more easily
violated.

Consider now the problem of representing the structure ekttiracted in-
formation. It is natural to think of this in terms of a graphariéexample, a graph
for (1) is shown in Figure 1; here we assume the documentgatiin 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 brgak the leg, i.e.,
that there is no time gap in between.

Turning to the structure of such graphs, it should be clegrttie events will
not necessarily be totally ordered in time, so we shouldidenshe events and
times in the graph to be partially ordered. Let us assumeeteits and times
are represented as intervalsmarked by pairs of time paints)et us adopt the
thirteen relations that Allen (1984) proposes in his ind¢tvased temporal logic.
Then, we can consider how to map NL texts to such graphs by tmmaitic
procedure, and then use the graphs to answer questiongjcereadmmaries,
timelines, etc. The focus in this paper is on the mappinggrahan the use.

3 Previous research

Until recently, most of the prior research on temporal infation extraction had
drawn inspiration from work in linguistics and philosoplag well as research
on temporal reasoning in artificial intelligence. The eamgrk of Moens &
Steedman (1988) and Passonneau (1988) focused on limguigtiels of event
structure and tense analysis to arrive at temporal repiasams. For exam-
ple, in Moens & Steedman (1988), “Harry hiccupped for threerk” would
be analyzed as a process of iteration of the point event alipjging. Passon-
neau (1988) developed an information extraction systermdmad temporally
locate events in texts, processing sentences like “The esagpr failed before
the pump seized”. Much of the early work also adopted Alleaimporal re-
lations, and used meaning representations augmented emthotral variables
(Reichenbach 1947) or temporal operators (Prior 1968).

Earlier work also devoted a lot of attention to temporal atpef discourse.
A default assumption that runs through the literature (sspecially Dowty
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(1986)) is that a simple past tense sentence, if it descahesvent, advances
the narrative, so that the event occurs after the evengualihe previous sen-
tence. This is thearrative conventioof narrating events in the order they occur.
If the eventuality is a state, a default assumption is thatérlapswith the even-
tuality of the previous sentence. Work by Webber (1988)teeldahe ordering
principles to a general model of discourse processing wiegrge was treated
anaphorically, specifying a number of rules governing émegoral relationships
among successive clause pairs in a discourse. Later worlohyg & Cohen
(1991) extended Webber’'s work in an implemented systenhifaithesized that
only certain kinds of tense shifts were coherent. They wantbosuggest vari-
ous heuristics to resolve ambiguities in temporal orderidgzang & Schubert
(1992) implemented a system based on a framework of compuaisemantics,
showing why compositionality was a crucial property in temg interpretation,
especially for handling subordinated events.

In parallel, developments in formal semantics led to thdwian of Dis-
course Representation Theory (Kamp & Reyle 1993). Here ¢hgastic rep-
resentation of a sentence in a discourse context includesaiel ordering and
inclusion relations over temporal indices. However, thmiowas on the default
narrative convention above, along with tsimtes overlamssumption. Clearly,
discourse relations like causality, as in (2), violate tosvention. This point
was taken up by work by Lascarides & Asher (1993), who deeslaptheory of
defeasible inference that relied on a vast amount of wortthitedge. Hitzeman
et al. (1995) argued convincingly that reasoning in this waing background
knowledge was too computationally expensive. Insteadk, toenputational ap-
proach was based on assigning weights to different ordegrirsgibilities based
on the knowledge sources involved, with semantic distaeteden utterances,
computed based on lexical relationships, standing in fatddanowledge.

The widespread use of large corporanbP allowed work on temporal in-
formation extraction to advance forward quite dramatjcalliebe et al. (1998)
used a corpus-based methodology to resolve time exprassioa corpus of
Spanish meeting scheduling dialogs at an overall accurbioyay 80%. Other
work on resolving time expressions in meeting scheduliatpdis include Alexan-
dersson et al. (1997) and Busemann et al. (1997). In the insgrtommunity-
wide information extraction tasks had started to show beiafiesults. The
MUC-7 (1998) task tested accuracy in flagging time expressiortgjitiinot re-
quire resolving their values. In flagging time expressidmsyever, at least 30%
of the dates and times in theuc test were fixed-format ones occurring in doc-
ument headers, trailers, and copyright notices, thus #iying the task.

Another area of work in temporal information extractiondlwes process-
ing temporal questions.Androutsopoulos (2002) allowestsi pose temporal
questions in natural language to an airport database, vidrggksh queries were
mapped to a temporal extension of theL database language, via an intermedi-
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ate semantic representation that combined both tempoeaatips and temporal
indices. For example, the question “Which flight taxied teegé at 5:00 pm?”

would result in an interpretation where the taxiing startedcended at 5 pm.
Although this effort was focused on databases, the empbagisapping a rep-
resentation of NL meaning to a formal language that can suppi@rence is

inherent in approaches to temporal information extraction

4 TimeML

The body of previous work suggests the need for an annotatioeme that can
capture the kind of graph structure shown in Figure 1. TimgMustejovsky et
al. 2004) is a proposed metadata standard for markup of ®aewk their tem-
poral anchoring in documents that addresses this. It has &gglied mainly
to English news articles. The annotation scheme integtaggether two anno-
tation schemesTIDES TIMEX2 (Ferro et al. 2000) and SheffiekIrac (Setzer
& Gaizauskas 2000), as well as other emerging work (Katz &s#r@000). It
identifies a variety of event expressions, including tensatls, e.g., “has left”,
“was captured”,“will resign”; stative adjectives “sunkefstalled”, “on board”;
and event nominals “merger”, “Military Operation”, “Gulf &

Eventualities in TimeML have various attributes, incluglthe type of event,
its tense, aspect, and other features. Temporal adveib@iglesignals i.e.,

temporal prepositions (“for”, “during”, “on”, “at”, etc.)Jand connectives (“be-
fore”, “after”, “while”, etc.). TimeML also represents tienexpressions, adding
various modifications toIMEX 2, yielding an annotation scheme callethex 3.
The main point of TimeML, however, is to link eventualitiesdatimes; for ex-
ample, anchoring an event to a time, and ordering event®atidies. This is
done by means ofLINK, or temporal links labeled with Allen-style temporal
relations. Linking also take into account actual versusollygtical events, e.g.,
(3), where the leaving is subordinated to a modal “may”, @)dwhere the leav-
ing is subordinated to the saying/denying. These lattaasins are addressed
by means oBLINKS, orsubordinatindinks. Thus, in (5) below, the saying sub-
ordinates the other events, which are in turn subordinatede 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 astigggthat

Sununi offer to resign, one highly placed source said.

Finally, TimeML also annotatesspectualerbs like “start (to cough)”, “con-
tinue lazing about”, etc. These verbs, rather than chaiaictg a distinct event,
indicate a particular phase of another event; as a resaltaspectual verb is
linked by aaspectualink (ALINK) to the event.
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Recent work by Hobbs & Pustejovsky (2004) maps the struaitiiémeML to
a formal theory of time (th®@AamML small TimeOntology), which in turn allows
formal queries to be posed to a reasoning system.

5 TIMEX2

TIMEX 2 is the historically oldest segment of what is now TimeML.bdtigh the

guidelines are fairly complex, it is the relatively mostugbpart of the TimeML

scheme. As aresult, it has been applied more extensivelyrtvgXx 3 or the rest

of TimeML. It was developed originally by theaRPA TIDES program and has
since been adopted by the U.S. Government in the AutomatiteBibExtraction

(ACE) program’s Relation Detection and Characterizat®bd) task, and in two

ARDA TimeML summer workshops (NRRC 2004).

TIMEX2 is an annotation scheme for marking the extent of Englisle &x
pressions (withriIMEX 2 tags) and normalizing their values I80-8601(1997)
format (with a few extensions). THEMEX2 scheme represents the meaning
of time expressions expressed as time points, e.g., “yEstémith the value
20040217 or “the third week of October2000W42 It also represents durations,
e.g., “half an hour longPT30M TIMEX 2 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 beingchalafor indefi-
nite, habitual, and other cases) e.d\ptil is usually wet”XXXX04non specific
Sets of times are represented to some extent, e.g., “evayday” has a value
XXXXWXX2with periodicity FAW andgranularity G1D, whereF1W means once
a week, ands1D means a grain size of one day.

Annotators can be trained fanMEX 2 tagging very quickly (usually half a
day of training followed by a few homework exercises). Irdanotator accu-
racy,on the average, across 5 annotators annotating 198 dmmuments from
the (TDT2 1999) corpus, is .86 F-measure in identifying tvatues. The F-
measure for identifying tag extent (where tags start and snd@9. The reason
the value F-measures are higher than the extent F-measuresause the scorer
flags occurrences of tags in a candidate annotation that at@most but not
exactly the same position in the reference annotation asseof extent, but nev-
ertheless compares the values of such overlapping tagégtioe values correct
if the candidate and reference values are equivalent.

However, inter-annotator reliability on two features isvioF-measure on
granularityis .51, and omon-specificityt is .25. While there were only a small
sample of these latter features in the corpus (200 examplapared to 6000
examples of time values), these do indicate a problem, dgaidi a number of
modifications, including the revised specification for setsIMEX3 (see be-
low). Error analyses confirm that annotators do deviate fileeguidelines and
produce systematic errors, for example, annotating “séyears ago” aPXyY



TEMPORAL INFORMATION EXTRACTION 51

(a period of unspecified years, a valid time expressiongatsbfPASTREF, or
annotating “all day” a®1D rather tharyYYYMMDD

6 TIMEX2 tagging

A variety of approaches have been developed tortagx 2 expressions. | dis-
cuss one method here; others are briefly summarized latex. TIMEX 2 tag-
ger TempEx (Mani & Wilson 2000) handles both absolute tineeg.( “June 2,
2003") and relative times (e.g., “Thursday”) by means of anbar of tests on
the local context. Lexical triggers like “today”, “yestend, and “tomorrow”,
when used in a specific sense, as well as words which indigadsitional off-
set, like ‘nextmonth”, “last year”, “this comingThursday” are resolved based
on computing direction and magnitude with respect to a egfeg time, which is
usually the document publication time. Bare day or monthem(iT hursday”,
or “February”) are resolved based on the tense of neighpgrast or future
tense verbs, if any. Signals such as “since” and “until” aseduas well, along
with information from nearby dates.

TempEXx has been applied to different varieties of corporeyuding broad-
cast news, print news, and meeting scheduling dialogs. €Henmance on all
of these is comparable. On the 193-docuntat2 subcorpus, it obtained a .82
F-measure in identifying time values and .76 F-measurexiamg.

In conjunction with work on taggingIiMEX2, word-sense disambiguation
has also been carried out. For example, deciding whethecamm@nce of “to-
day” is non-specific or not can be carried out by a statistitadsifier at .67 F-
measure (using a Naive Bayes classifier), which is sigmifichetter than guess-
ing the majority class (.58 F-measure for specific). Othpesof sense temporal
disambiguation have also been carried out. For examplélidgavhether word
tokens like “spring”, “fall”, etc. are used in a seasonalseoan be carried out at
.91 F-measure (using decision trees), whereas just ggessasonal all the time
scores .54 F-measure.

7 TIMEX3 extensions

As mentioned earlier, theeT specification inTIMEX 2 proved to be problem-
atic for annotators. IITIMEX 3, SET has been simplified to have two attributes
in addition to the valueguantquantification over the set, arfceq frequency
within the set. Thus, we have examples like “three days exseogith”: P1M;
quant=every; freq=P3Dand “twice a month”P1M; freq=P2X

TIMEX 3 also allows event-dependent time expressions like“thesesyafter
the Gulf War” to be tagged, since, unlikevex 2, events are tagged in TimeML.
TIMEX3 in addition allows a functional style of encoding of offseidime ex-
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pressions, so that “last week” could be represented not lonlhe time value
but also by an expression that could be evaluated to compeiteaiue, namely,
that it is the predecessor week of the week preceding thendecudate.

However, at the time of writing, automatic tagging ©fMEX3 has not yet
been attempted, nor has inter-annotator reliabilityromex 3 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 chalieggproblem.
Ordering judgments, as indicated by discourses (1) andb@yeg can be hard
for a variety of reasons:

e The annotation of events other than tensed verbs. Sinessta included,
deciding which states to annotate can also be difficult,esthe text may
not state when a state stopped holding (this is an aspectdltframe
problem). For example, given (6), we infer that Esmeralda was nodong
hungry after the eating event, and that as far as we know mptbise
changed. The guidelines call for just annotating thosestahich the text
explicitly indicates as having changed, but specifying thidifficult.

(6) Esmeralda was hungry. She ate three Big Macs.

e The difficulty of deciding whether a particular relation iamanted. For
example, in (2) above, we recommended against committitigetdwist-
ing asfinishingthe marathon running. Determining what inference to com-
mit to can be fairly subtle.

e The possibility of ambiguity or lack of clear indication dfd relation. In
such a case, the user is asked not to annotatet i .

e The granularity of the temporal relations. A pilot experihéMani &
Schiffman 2004) with 8 subjects providing event-orderindgments on
280 clause pairs revealed that people have difficulty disighing whether
there are gaps between events. The 8 subjects were askestitguish
whether an event is (a&}rictly beforethe other, (bpefore and extending
into the other, or (c) isimultaneousvith it. These distinctions can be hard
to make, as in the example of ordering “try on” with respectréalize” in

(7):

@) In an interview with Barbara Walters to be shown on ABCs “Byid
nights”, Shapiro said he tried on the gloves and realizeg #heuld
never fit Simpson’s larger hands.

Not surprisingly, subjects had only about 72% agreementésponding
to a low Kappa score of 0.5) on these ordering distinctiogaoting the
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(a) versus (b) distinction raises the agreement to Kapph @6ich is (ar-
guably) acceptable. This experiment shows that a coaesaegt concept
of event ordering is more intuitive for humans.

e The density of the links. The number of possible links is gatid in the
number of events. Users can get fatigued very quickly, angdigreore lots
of links.

To date, no inter-annotator study has been carried out kimtin However, anal-
yses of a preliminary version of the Timebank Corpus, a ctide of news doc-
uments annotated with TimeML at Brandeis University (NRRID4), reveal a
number of interesting aspects of annotator behavior. kabrpus there were
186 documents, with 8324 eventualities and 3404k s, about 45 eventuali-
ties per document but only 18 INK s per document. This means that less than
half the eventualities are being linked. Further, the vaajonity (69%) of the
TLINK S are within-sentence links. Sentences in news texts arergignlong
and complex, and many of these links involve an eventuatitgs subordinate
clause being linked to another in some other clause. Silyilimks between
subordinate clauses of one sentence and a main clause béaao¢ also found.

Overall, we expect that inter-annotator consistency isd-tka&reach ideal as
far asTLINK s are concerned. However, the following steps can improweise
tency within and across annotators:

(1) Adding more annotation conventions. For example, ithmige helpful
to have annotation conventions for dealing with links ousobordinate
clauses. Clearly, TimeML needs a certain level of trainimgre than
would be required fomriMEX 2, so adding specific conventions can make
for tighter and more consistent annotation.

(2) Constraining the scope of annotation. The goal hererisstrict the num-
ber of decisions the human has to make. This could involveictag the
types of events and states to be annotated, as well as thiienadinder
which links should be annotated. Thus, efforts on a ‘TimeMtelare
important.

(3) Expanding the annotation using temporal reasoningceSiamporal or-
dering and inclusion operators likeeforeand during are transitive and
symmetric, it is possible to expand two different annotegiby closure
over transitive and symmetric relations, thereby increge possibility
of overlap. This also boosts the amount of training dataifir detection.

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

(5) Providing the user with visualization tools during atatmn. This can
help them produce more densely connected graphs. This e ot by
results with a graphical visualization tool calledNnGo (NRRC 2004)



54 INDERJEET MANI

that we have helped develop for annotation. This in turn Bdsd more
complete annotations using temporal reasoning as above.

Figure 2 shows a samplaNGO screen.

B Tangp - C;\Documents and SertingsUMANI\Deskiop WORK-TANGOWLATESTWABCT 9 980108, 18300711, sgm, 5¥N. xm . sgml.an dy. tml
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Figure 2: TANGO: A graphical tool for annotating links

The right-hand window shows a graphical annotation paletto which events
and times from the pending window on the left can be moved. toheof the
pallete automatically sorts the times. The user can linkisvand other events
or times by drawing links, with pop-up menus being used teipaon-default
attributes. The system can auto-arrange the display, yorethe user arrange-
ment. The Closure button applies temporal reasoning rolegpand the anno-
tation with additional links; such an expanded annotatsoshiown in the figure.
At any point, the annotation can be dumpedin_ or scored against a reference
annotation.

9 Empirical constraints on temporal discourse

The availability of empirical data from experiments andomya allow one to test
to a certain extent the theories of temporal ordering dsedigarlier. The tests
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to date have mainly been on news. As Bell (1999) has pointedtaitemporal
structure of news is dictated by perceived news value rdtteer chronology.
Thus, the latest news is often presented first, instead otebeing described in
narrative order. So, one would not expect the narrative eation to be strong.

This is borne out in the experiment of Mani & Schiffman (2004¢d above,
where it was found that the narrative convention applieg diPs of the time in
ordering events in 131 pairs of successive past-tenseadatrgerestingly, 75%
of clauses lack explicit time expressions, i.e., the ‘am¢moe of most events is
left implicit, so that simply anchoring events to times egitly associated with
them in the text will lead to extremely poarINK recall. Clearly, therefore,
document- and narrative-based inference could be crucaltomatic tagging.

In support of the ‘states overlap principle, the TimeBantaddows that the
overall percentage of links involving awverlaprelation is 9% on the average,
but 21.8% when one or both eventualities are states, a signifincrease.

10 Automatic TLINK tagging

Mani et al. (2003) address the problem of implicit times bingsdocument-
level inference. Their algorithm computed a reference {{R&chenbach 1947,
Kamp & Reyle 1993:594) for the event in each finite clause neeffito be either
the time value of an explicit temporal expression mentioimethe clause, or,
when the explicit time expression is absent, an implicigtivalue inferred from
context, using a naive algorithm which is only 59% correctefof 2069 clauses
from the North American News Corpus was annotated with etieré TLINK
information by a human (after correcting the reference simeduced by the
above propagation algorithm), and then turned into featectors and used as
training data for various machine learning algorithms. Aislen rule classifier
(C5.0 Rules) achieved significantly higher accuracy (.8hdasure) compared
to other algorithms as well as the majority class, where tleaids simultaneous
with the temporal anchor (most news events occur at the tifrtheoexplicit
or implicit temporal anchor). Next, the anchoring relacand sorting of the
times were used to construct a (partial) event orderingclwviias evaluated by
a human for document-level event orderings. The machingeesth a .75 F-
measure in event ordering DEINK S.

In comparison, Mani & Wilson (2000) used a baseline methodliofdly
propagatingriMEX 2 time values to events based on proximity. On a small sam-
ple of 8,505 words of text, they obtained 394 correct evenési in a sample of
663 verb occurrences, giving an accuracy of 59.4%. FilafoMovy (2000) ob-
tained 82% accuracy on ‘timestamping’ clauses for a single tf event/topic
on a data set of 172 clauses. However, fundamental diffesdmetween the three
evaluation methods preclude a formal comparison.

While the approach of Mani et al. (2003) is corpus-baseduyffiess from
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several serious disadvantages, including lack of traidatg, very few predictive
features, and rules which cover just a small number of exasaph addition, it
lacks an adequate representation of discourse contexd fedlture vector, except
for features that track shifts in tense and aspect. In futar@ddress this problem
successfully, one would need to carry out more annotatimpréve machine
learning approaches, and try out a variety of other featunativated by corpus
analysis.

11 Multilinguality

While the TimeML scheme in itself has been confined to Engtlstre have been
several efforts aimed at temporal information extractimndther languages. In
terms of link extraction, Schilder & Habel (2000) report osyatem which takes
German texts and infers temporal relations from them, &oigeB4% accuracy,
and Li et al. (2000) take Chinese texts, and using a numbemés/hat complex
rules, achieves 93% accuracy on extracting temporal oglsitiHowever, these
approaches are few and far between, and are hard to compare.

The problem of time expression tagging, being simpler tivandxtraction,
has also been carried out on a number of languages. Resesdinieexpression
resolution for meeting scheduling dialogs has addresset&e(Alexandersson
et al. 1997, Busemann et al. 1997) as well as Spanish (Wiedle £298). The
latter Spanish dialogs (from the Enthusiast Corpus of Ros#. €1995), col-
lected at CMU) have been translated into English and aredtatth TIMEX 2
tags by a bilingual annotator, based on tagging the Engtistigm and adapting
it to the Spanish.There has also been some initial work omdilthgger for the
TIDES Surprise Language experiment (TIMEX2 2004).

At Georgetown, we have also completed work omEX2 tagging of Ko-
rean.We have annotated a corpus of 200 Korean news artfobes Hankook
and Chosun newspapers) wittMex2. The main difference, in comparison to
EnglishTIMEX2, is in terms of morphology. Korean has agglutinative motpho
ogy, and this has implications for some of the rules for taigmix For exam-
ple, English temporal annotation guidelines state thaptaad prepositions like
“from” (as in “from 6 p.m."”) are not part of the extent. Since@t#¢an instead
uses postpositions that are bound morphemes, we allow suhTwmEX 2 tags
that exclude the postposition. Likewise, the English glinds require vague
conjoined expressions like “three or four days”, to be aateat with two tags,
whereas “three or four” is a single word in Korean. Apart frims, however,
the annotation scheme carries over very well. Inter-artaptaliability of 2 an-
notators on 30 documents shows .89 F-measure for valuescerd.e

Several automatic taggers have been developed at Georgetohe first,
KTX (TIMEX2 2004), is a memory-based tagger that uses a diatjoofitem-
poral expressions and their values derived automaticatdiy fa training corpus.
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Relative times in the test data are resolved using handectdeeuristics based
on offset length in the training data.TK achieves a F-measure of .66 on tagging
extents and .86 F-measure for values on 200 documents. Wihiléas Korean-
specific morphological knowledge, it doesn’t perform angdiction, being con-
fined to just memorizing instances seen before. Anothercig@L (Baldwin
2001), has been developed that performs a degree of gexagiii. In this ap-
proach, a time expression and t&EX 2 tag information form a training exam-
ple for learning the mappings between strings and the valitesnporal attribute
variables. For example, a collection of similar date exasfike “February 17,
2001720010217 will generate a rule of the forRattern(?M, ? D, comma, ?Y)

— Value(Year(?Y'), Month(?M), Day(?D)), with a confidence based on the
frequency of the pattern. OL however lacks specific knowledge of Korean (or
any other language, though it makes assumptions about tlkenoa word
length of a time expression). DL achieves .56 F-measure for extent and .83
F-measure for time values on 71 English documents.

Our experience with multilingual annotation suggeststifreitIMEX 2 scheme
ports well to a variety of languages, and that a corpus-bappdoach with at
least some language-specificity to handle morphology i$aisdhe most cost-
effective.

12 Conclusions

Overall, temporal information extraction offers many oppaities to tie to-
gether natural language processing and inference basedrmalfreasoning.
The work reported here has made considerable progress ¢hagtito the twin
emphases of a corpus-based approach and evaluation. ateggthas been to
develop semantic representations that can be used forlforfeaeence in support
of various practical tasks. These representations arevateti to some extent by
work in formal semantics and symbolic Al. Once the represtions are for-
mally specified, the goal is then to automatically constautth representations
using corpus-based methods. A similar strategy can be takatvance the field
of spatial information extraction.

However, it should be borne in mind that annotating data vetétively more
complex representations is expensive and difficult to caaty As a result, the
emphasis shifts towards tools to help the human efficientbgipce annotated
corpora. Some of these corpora and tools are availabMR&C (2004) and
TIMEX2 (2004).

At Georgetown, we are continuing to push ahead with tempofatmation
extraction (includingrLINK extraction) for different languages, including Chi-
nese. We have also developed a new approach to modelingidiscsiructure
from a temporal point of view, on which annotation will begmdue course.
Finally, we have started to apply this work to both summadaidreand 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 depéoyt of finite-
state (FS) processing techninques for natural languageegsmng (NLP)
application development. This paper adopts a point of viéwesign-
ing industrial strength NLP frameworks, where emergingamst include
a pipelined architecture, open-ended intercomponent aamoation, and
the adoption of linguistic annotations as fundamentalydizatiescriptive
device. For such frameworks, certain issues arise — opesdtand nota-
tional — concerning the underlying data stream over whietRS8 machin-
ery operates. The paper reviews recent work on finite-stateepsing of
annotations and highlight some essential features redjfioen a congenial
architecture for NLP aiming to be broadly applicable to, andfigurable
for, an open-ended set of tasks.

1 Introduction

Recent years have seen a strong trend towards evolving @anraftirobust and
scalable architectures for natural language processih@)XNA quick browse
through, for instance, (Cunningham 2002, Ballim & Palld@@02, Patrick &
Cunnigham 2003, Cunnigham & Scott 2004), shows a broad speaf engi-
neering issues identified within the NLP community as esakettt successful
development and deployment of language technologies.otitoing into any
detail, it is illustrative to list a representative samplehem.

With growing use ofxmL as data modeling language and analysis inter-
change transpontiniform document modeliregldresses concerns of widely var-
iegated natural language text sources and formats; thisdes, as we will see,
strategies for representing analysis resultsnm too. For incremental develop-
ment and reusability of functiorgomponentised architectuie becoming the
accepted norm. Overall system reconfigurability is faaiétl bycomponent
inter-operability, components are managed either by integrating them within a
framework or by exporting functionality packaged irt@olkit. Broad coverage,
typically requiring streamlined utilisation of backgraliknowledge sources, is
achieved bytransparent access to resourcesing common protocols.

Such principles of design, while beneficial to the overalélgof building
usable systems, pose certain constraints on system-ahigaun structures and



62 BRANIMIR K. BOGURAEV

object representation, and ultimately affect the alganithembodiment(s) of
the technologies encapsulated within.

A core characteristic of present day software architestigréhat they all ap-
peal to a notion odnnotation-based representatiarsed to record, and transmit,
results of individual component analysis. (For consisgeand to reinforce the
uniformity of annotation-based representation, we wikréo such architectural
components as “annotators”.) A detailed description ofgalRpurpose annota-
tion formats can be found in (Bird & Liberman 2001). Specifigdglines for a
linguistic annotation framework have recently been foed by Ide & Romary
(Forthcoming); for a representative sample of architextavel considerations,
and motivations, for adopting annotations as the fundaaheapresentational
abstraction, see, for instance, (Grishman 1996), and nemently, (Cunning-
ham et al. 2002, Bunt & Romary 2002, Neff et al. Forthcoming).

The case for annotations has been made, repeatedly, and tneypublica-
tions cited above will supply the basic arguments, from a@higectural point of
view. There are, however, additional arguments which éeffiom observing a
larger set of contexts in which NLP architectures have begripuse. Over-
all, these are characterised by situations where a patitathnology needs
to be used well outside the environment where it was devdiopessibly by
non-experts, maybe even not NLP specialists. Examplesabf situations can
easily be found in large research laboratories, and in ecatpcenvironments
where technologies developed in the laboratories arepacated in custom ‘so-
lutions’. Ferrucci & Lally (Forthcoming) describe an anggdture for unstruc-
tured information management,which is largely informedcbysiderations of
smooth exchange of research results and emerging teclie®ioghe NLP area.
Such an architecture would be deployed, and would requiteetoonfigured,
within the organisation, not only by hundreds of reseasheno will need to
understand, explore, and use each other’s results, butigpecialists tod. It
is in contexts like these that questions of uniformity, pasity, and generality
of the underlying representation format become partitytatevant.

Annotations — when adorned with an appropriate featureegy$Cunning-
ham et al. 2002), and overlayed onto a graph structure (Bitdb&rman 2001)
— combine simplicity of conceptualisation of a set of lingfic analyses with
representational power (largely) adequate for captutirgimtricacies of such
analyses. The question still remains, however, of progdircapability (within
the architecture) for exploring this space of analyses. Asmil argue below,
finite-state (FS) matching and transduction over annatatfwovides such ca-
pability, together with flexibility and convenience of rdpyi configuring custom

! Arecent article irfiThe EconomigtJune 19th, 2003) |$ Big Blue the Next Big Thing?makes
a related point that ‘front-line’ users of emerging tectogiés — including NLP — are in-
formation technology specialists and consultants who didnel working with customers on
developing solutions that incorporate these technologies
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analysis engines which can use any, and all, analyses ddéaywa diverse set of
upstream annotators.

There are yet other considerations arising specificalijpfconcerns of indu-
strial-strength NLP environments including, for instanefficiency, both of the
prototyping process, and at run time; reconciling différd® behaviour from
different, yet functionally identical, components; andligbto layer progres-
sively more complex linguistic analyses on top of simplera@ation mark-up.

Typically, and even more so recently, when efficiency is bidwp as a con-
cern, the answer more often than not is “finite-state teadgydl This is not
surprising, as many well-articulated arguments for fisit&te processing tech-
niques focus largely on the formal properties of finiteestatitomata, and the
gains in speed, simplicity, and often size reduction wheR&ulevice is used to
model a linguistic phenomenon (Karttunen et al. 1996, Kiat889). Much rests
on a particularly attractive property of FS automata, ngrielt after combining
them in a variety of ways, the result is guaranteed to be anuE@raton. The
combinations are described by regular expression patteansNoord & Gerde-
mann 2000, Beesley & Karttunen 2003), and the use of suckrpatin NLP
is becoming theale factoabstraction for conceptualising (and using) finite-state
subsystems. This is reinforced by the clean separatioredltiorithmic aspects
of FS execution (which are hidden from the user), and thelpwteclarative
statement(s) of configurational patterns which underlieguiistic analysis.

In the same spirit of observing thatere is a certain mathematical beauty
to finite state calculu's(Beesley & Karttunen 2003), there is also beauty in the
ease and perspicuity of rule writing (especially if rulepag@ to familiar regu-
lar expression notational conventions). If a rule-basesiesy designed on top
of FS principles, were to target an annotations store, itldvéacilitate both the
exploration of analyses space and rapid configuration efsamers’ of the anal-
yses inside an arbitrarily configured instance of an NLPigecture. It is this
observation alone that ultimately underpins the notionmifdistate processing
over arbitrary annotations streams. It is also the caseebhervthat manipulating
annotations within a finite-state framework offers tramepasolutions to many
problems referred to above, like reconciling outputs fraiffecent annotators
and constructing, bottom-up and incrementally, elabdmaggiistic analyses.

These kinds of observations motivate the use of FS techpahog number
of contemporary NLP toolkits and architectures. The follaywsections discuss
a variety of situated frameworks which incorporate FS tépies.

2 Finite-state technology and annotations

Broadly speaking, FS technology can be embedded in an NUktecture in
one of two ways. Conventionally, a functional componenideshe architecture
would be built on top of a generic finite-state transducti®8T) toolkit. As an
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example, consider the function of a part-of-speech (POR)er a fairly com-

mon tool in most text processing pipelines. Both (Roche &&bes 1995) and
(Kempe 1997), for example, develop methods for modelinddabelisambigua-
tion task by means of a finite-state device. Tagging, of aussnot the only

function which can be realised through FS methods: seen&iamce, (Pereira
& Wright 1997) for FS approximations to phrase structurengraars, or (Abney
1996) and (Ait-Mokhtar & Chanod 1997) for finite state apmtoes to syntax.

Such encapsulation of FS technology contributes verg|ititchitecturally,
to a general purpose capability for manipulating annotatioy means of FST.
The fact that an FS toolkit is used to implement a particutengonent function
does not necessarily make that toolkit naturally availablall components in
the architecture. Of more interest to this discussion agaribthods developed
for packaging an FS toolkit as a generic annotator inside ®laP architecture,
a module which traffics in annotations and which can be cordijto perform
annotation matching at any point of a pipeline.

The examples above are realised, ultimately, as charbatad FST systems.
If these realisations were to be packaged for incorpordtioan architectural
pipeline, certain transformations would need to be caroetdat the interfaces
between the overall data model — e.g., of a token/lemma/P@$nial object
— and a character string encoding (later in this section wbarhte on general
strategies for, and shortcomings of, such mappings).

Furthermore, while finite-state operations are defined angunambiguous)
stream of input, conventionally characters, the set of tatiums at any arbitrary
point of a processing pipeline is typically organised asttick with multiple
ways of threading a passage through it. To the extent thatSasubsystem
explicitly employs a notation for specifying FS rules ovenatations, such as
for instance that in (Wunsch 2003), the question of pickingagticular route
through the lattice is not addressed at all (we will returrthis in Section 3
below).

Cunningham et al. (2000) claim that notwithstanding the-determinism
arising from such a traversal,. this is not the bad news that it seems to bBe...
Maybe so, but the reason is due to the fact that many gramargesing certain
annotations configurations tend to be written to exploitreftély designed sys-
tem of annotations which model relatively flat analyses. Stagement will not
necessarily hold for grammars written to explore an animtatstore, without
prior knowledge of which annotator deposited what in thekéso, in ‘tightly
designed’ systems annotations tend to be added, monotign@atop of exist-
ing annotations, with longer spans neatly covering shames. When such a
configurational property holds, it is possible to designangmnar in a way which
will match against all annotations in the (implied) treeisTis, in fact, a crucial
assumption in systems like Abney’s (19963ss and SRI'sFasTus (Hobbs et
al. 1997).
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Such an assumption, however, will not necessarily be trugystems where a
diverse set of annotators may populate the annotations with partially over-
lapping and/or non-contiguous annotations. Note that ab@uraf componen-
tised, distributed architectures used in diverse apjdinanvironments (as the
ones discussed in Section 1) fall in that category.

Still, it is not uncommon to use a character-based FS totullékplore some
annotation spaces. In essence, the basic idea is first tenflatt annotation
sequence into a character string, ‘exporting’ relevanpertes of the annota-
tions into the string image, and then run suitably configuradsducers over
that string. Matching over an annotation of a certain typeldide by means of
defining a ‘macro’, which is sensitive to the string chardstgion of the rele-
vant annotation type (label) and property (or propertids)s, for example, test
for a POS tag of a token annotation could be realised as aaregupression
skipping over what are known to be the token characters atwkfiog instead
on the tag characters, identified by, say, some orthogragameention (see be-
low). A successful match, when appropriate, would insertia f begin-end
markers bracketing the span, possibly adorned with a labldicate a newly
created type. New types can be enriched with features, vaiilneg computed
during the composition of the subsumed types. Higher-lalstractions can be
created then by writing rules sensitive to such phrase maded labels. After
a sequence of transducers has run, the resulting stringecgratsed’ back into
the annotations store, to absorb the new annotations amgtbperties from the
markers, labels, and feature-values.

Without going into details, the following illustrates (assing some rela-
tively straightforward regular grammars defining noun aerb\group contours)
the result of a transduction which maps a string derived fpamt-of-speech an-
notations over text tokens into a string with demarcatedasyic 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+l Russia/NP ’'s/POS relevanc e/NN"
"ING: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+l VG]

[NG:sng:poss Russia/NP 's/POS relevance/NN NGJ"
This kind of process builds upon ideas developed in (Grédttes1999) and
(Ait-Mokhtar & Chanod 1997), with the notion of special ‘nkars’ to constrain
the area of match originally due to Kaplan & Kay (1994). Bapy (2000) de-
velops the strategy for using the transduction capatsilifea character-based FS
toolkit (INTEX; Silberztein 1999) inside of a general-purpose NLP archite
with an abstract data model, in mediating between an anopsastore and a
character string.

2 Grefenstette’s term for this idigyht parsing as finite-state filtering
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A number of problems arise with this approach. Some affeetsily the per-
formance (which is an issue for successful deployment)raditer input/output
is massively inefficient, and (logical) match against a Higlel constituent —
consider, in the above example, rules to matcN@ar avG— requires scanning
over long character sequences, with cumulative expengs. cOsher problems
arise from cumbersome overheads: decisions need to be maderning the
(sub-)set of features to export; extra care has to be takehadonsing special
characters for marketsvhich will be guaranteed not to match over the input;
custom code has to be written for parsing the output strirdyianporting the
results into the annotations store, being especially e@sd changes to its ini-
tial (pre-transduction) state; no modifications should lb@eed to the character
buffer underlying the input text, as chances are #flaannotations in the system
are defined with respect to the original text.

Fundamentally, however, this approach breaks down intgitumwhere the
annotations are organised in a lattice, as it requires catingiito a particular
path in advance: once an annotation sequence has been mapaesiring,
traversal options disappear. Also, to the extent that anityign the input is to
be expected, a mapping strategy like the one outlined atmveandle category
ambiguity over the same input segment (such as part-ofebpEabiguities over
tokens), but not different partitioning of the input, witeggnents of different
length competing for a ‘match’ test at any point in the latiaversal.

3 Pattern matching over annotations

The strategy for adapting a character-based FS framewarkannotations store
outlined in the previous section offers a way of ‘retrofitfi FS operations into
an annotations-based architecture. As we have seen, tssndd meet the goal
of having an infrastructure which, by design, would treaicured annotations
as input ‘symbols’ to a finite-state calculus, and would legpammable to con-
trol the non-determinism arising from the lattice-like una of an arbitrary an-
notations store.

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

Annotations are assumed to have internal structure, defisedlusters of
property-value pairs. (As we will see later, where speciappse notations are
developed to define annotation ‘symbols’ to a grammar ruteptation 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 antimtia as values to
properties of higher level ones.) Both annotations andgnggs can be manip-
ulated from the rules. Appealing to the formal notion of casiion of FST’s,
patterns (or pattern grammars) can be phased into cascHaesinderlying in-
terpretation engine can be instructed to operate in a yasfemnatching/control
regimes.

3.1 Finite-state cascades: Background

Organising grammars in sequences (cascades) for finie{sdasing is largely
associated with the work of Hobbs et al. (1997) and Abney §).98ut finite-
state methods were applied in this domain as early as 1958i(8oHopely).
Abney’scassdevelops a notation for regular expressions directly oyetaxtic
categories, specifically for the purpose of partial parsininite-state cascades;
his rewrite rules are thus defined in syntactic terms, ancetiseonly a concep-
tual mapping between a grammar category and a linguistiotation. CASS is
not an architecture for NLP, and it would be hard to arguetth@nhotation would
generalise. TheasTus system, on the other hand, as developed by Hobbs et al.
is closer to the focus of this paper: tmeesSTER framework motivated one of
the earlier definitions of annotations-based substrata dfl2P architecture (Gr-
ishman 1996), and within that framework, the insights gaifiem developing
and configuringFASTUS were incorporated in the design of a Common Pattern
Specification LanguagefsL; Cowie & Appelt 1998).

cpsLevolved as a pattern language over annotations, and doésdlgahap
onto a functionally complete finite-state toolkit. In padar, there is the ques-
tion whether the formalism is declarative: the languagevad!for function in-
vocationwhile matching. Also, the provisions for specifying context as-pr
and post-fix constraints, coupled with the way in which ratesare associated
with grammar ‘phases’ (a ruleset for phase is consideredsasgée disjunctive
operation), suggests that there is no compilation of a siagtomaton for the
entire ruleset. Furthermore, there is no notiortrahsduction as an intrinsic
FS operation; instead, similar effect is achieved by bigdiratched annotations,
on the left hand side (LHS), and using the bound annotatiorth® right hand
side (RHS)* However, the decoupling of binding from subsequent use thad
non-declarative nature of rules, additionally compounigedome syntactic am-
biguity in the notation, introduces semantic problems fwtgng annotations.

Altogether,cpsL is tailored to the task of matching over linear sequences
of annotations (as opposed to exploring tree-shaped aoitructures) and
layering progressively more structured annotations owepler ones; even so,
there are limits to the complexity (or expressiveness) efdystem: 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 availablg thus promoting the idea of finite-state
operations over annotations with some internal structitbput having to ‘bolt’
such operations on top of popular character-based FSTiteofor some inter-
esting extensions topsL see, for instance, thERIEFS project (Seitsonen 2001):
where regular expression matching over tokens is addecetiatiguage (useful
if the architecture does not support tokenisation), wilddogy over category/
annotation attributes is supported, and most importatiteyneed for matching
over tree shapes is motivated, and defined (even if in sontesudanentary
form) as an operation within the notation.

3.2 Matching over annotations mark-up

A recent trend in NLP data creation and exchange — the usepicgxxmL
markup to annotate text documents — offers a novel perseoti structured
annotation matching by finite-state metho®siL naturally traffics in tree struc-
tures, which can be viewed as explicit representations«ogtenotations layered
on top of each other. To the extent that a system can be assurhénl require
partially overlapping, or stand-off, annotations, it ispible to make use ofvL
(with its requisite supporting technology, including eggchemas, parsers, trans-
formations, and so forth) to emulate most of the functionamfannotations
store. In such an approach, annotation properties are edaodd attributes; the
tree configuration also supports an encoding whereby atioisecan be, in ef-
fect, viewed as properties of other (higher level) annoteti It is not too hard
then to conceive of a combination of some finite-state maghijrtailored to an-
notations, with a mechanism for traversing theL tree as enabling technologies
for flexible matching over annotation sequences — and, thdieee shapes —
in an annotations store.

This is the insight underlying the work of Grover et al. (2D@dd Simov
et al. (2002). In essence, the notion is to develop a frameveordefining and
applying cascades of regular transducer grammars xaer documents. The
components of such a framework are>aaL parser, a regular grammar inter-
preter, a mechanism for cascading grammars, a set of caomerdaf how to
define and interpret an input stream for a particular granimarcascade, and a
way of traversing the document tree so as to identify andfazuthe next item
in that stream.

Grover et al's approach emphasises the utility of a gerrgbose trans-
ducerfsgmatch ,for analysis and transformations owarL. documentsfsg-
match uses a grammar notation defined to operate mwver elements, viewing
them both as atomic objects (manipulated as annotationgeoafions) and as
strings (as targets to regular expression matches). Tlaiowturther incorpo-
rates primitives for identifying elements of interest, apecific level and posi-

5 Courtesy of Doug Appeltattp://www.ai.sri.com/ ~appelt/TextPro/
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tion in thexmL tree, and for specifying how a nexmL markup element — in
effect, a new annotation — is to be created from the compesrard successful
match. fsgmatch is embedded, with other tools, inside of a toolkit for en-
coding and manipulating annotationsxasL. markup over documents; the tools
operate overML files, and are combined in a pipeline. One particular renderi
of such a pipeline can be viewed as a cascade of regular gresnfaore part
of the toolkit is a query language which mediates, exteimahty tool, the target
element/sub-tree which constrains the grammar applitatio

Even if somewhat rudimentary in this particular approable, introduction
of such a query language in an annotations-matching framkemarks an im-
portant extension of the notion of FS processing over atioots in addition
to allowing querying of left/right context for a rule (via aethanism of ‘con-
straints’), rules can also be made sensitive to (some ofdpegr’ context of the
element of interest (by targeting a grammar to a subset gioas$ible 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 bpresented by means
of xML markup. Likefsgmatch , the regular grammars iDLarRK operate over
XML elements and tokens; unlikegmatch , cLark offers a tighter integration
of its FS operations. This is manifested in the uniform mamnagnt of hierar-
chies of token (and element) types, and in the enhancemehteainderlying
finite-state engine for regular grammar application andrjretation, with na-
tive facilities for composing grammars in a cascade and &wigating to the
element(s) of interest to any particular grammar (rulelark’s insight is to
usexpath — a language for finding elements in amL tree — as the mech-
anism both for specifying an annotation of interest to theestt match, and
for mapping that into an arbitrarily detailed projectiontioét annotation and its
properties: a projection which can take the form of one orexabraracter string
sequences.

Still, this kind of mapping is established outside of thergnaar; in order
to specify a rule correctly, one needs to have detailed gragpath to be able
to appreciate the exact shape of the element and value stngamitted to the
grammar. Furthermore, since the input stream to a rule is ae@&quence of
strings, a grammar rule is far from perspicuous in concdiging the precise
nature of the match over the underlying annotation.

And that, fundamentally, is the problem with matching oven@tations rep-
resented bymMmL: at its core, the operation is over strings, and similarlyhi®
approach described in Section 2, it requires making explitia string form, a
particular configuration and contents of annotations ragigh a document pro-
cessing pipeline at any moment of time. In addition to opaupiational conven-
tions, this calls for repeatedvL parsing, which may turn out to be prohibitively
expensive in large scale, production-level NLP architexsu And even if the
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XML -related processing overheads were to be put aside, théhétabnly non-
overlapping, strictly hierarchical, and in-line annodat can be rendered for
matching is limiting in itself.

3.3 Matching over structured annotations

A different class of systems, therefore, explicitly addréee issues of overlay-
ing finite-state processing technology on top of structambtations which are
‘first-class citzens’ in their respective architectureiezwments. The best known
of these ISGATE's JAPE (Java Annotation Patterns Engine; Cunningham et al.
2000). Derivative otpPsL, JAPEnonetheless stands in a class of its own: primar-
ily because the architecture it is embedded in promotes —siystematic and
principled way — the notion of annotations as structurecatctsj (Cunningham
et al. 2002). LikecpsL, JAPE has notions like matching over linear sequences of
annotations, where annotations are largely isomorphidroadly accepted for-
ma# (Bird et al. 2000); manipulating annotations by means of egimindings
on the LHS of rules; and querying of left/right context. BagdaPsLs core set
of facilities, JAPEtightens up some ambiguitites in the earlier notation Sjoeei
tion, provides utilities for grammar partitioning and rydgoritising, allows for
specification of different matching regimes, and encowsdaetoring of patterns
by means of macros.

JAPE acknowledges the inherent conflict between the descrijpibweer of
regular expressions and the larger complexity of an anioottattice; this is
characteristically reconciled by separating RHS actwrafrom LHS applica-
tion,” and by assuming that components ‘upstreaniasfe will have deposited
annotations so that the lattice would behave like a flat serpie As already
discussed (Section 1), such an assumption would not netgdsad in large-
scale architectures where arbitrary number of annotatens aeposit conflict-
ing/partially overlapping spans in the annotations stdecea large extentiaAPES
infrastructure (e.g., the mechanisms for setting priesiton rules, and defining
different matching regimes) is intended to minimise thisigpem. Additionally,
the ability to execute arbitrary (Java) code on the RHS ienidéd to provide
flexible and direct access to annotations structure: oipasatike attribute per-
colation among annotations, alternative actions conui#iupon feature values,
and deletion of ‘scratch’ annotations are cited in suppbthis feature. These
are clearly necessary operations, but there are stronghargs to be made (see,
for instance, the discussion oPsL earlier in this section, 3.2) against dispens-

% Annotation components include a type, a pair of pointersositipns inside of the document
content, and a set of attribute-value pairs, encoding Istgunformation. INGATE, attributes
can be strings, values can be any Java object.

7 While maintaining recognition power to not beyond regulhiis characterisesAPE as a
pattern-action engine, rather than finite-state transolutéchnology.
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ing with the declarative nature of a formalism, especidlthh¢ formalism can be
naturally extended to accomodate them ‘natively’ (seeiGeédt below).

A particularly effective mix of finite-state technology andmplex annota-
tion representations is illustrated by DFKB®PCsystem (Shallow Processing
Production Center; Neumann & Piskorski 2000, 2002). Ittfemnotations
with arbitrarily deep structures as input ‘atoms’ to a firstate toolkit, derived
from a generalisation of weighted finite-state automata®AJfand transducers
(WFST; Mohri 1997). The toolkit functionality (PiskorskDR2) has been ex-
panded to include operations of particular relevance tadhksation of certain
text processing functions as finite-state machines, sudbraasstance, Roche &
Schabes’ (1995) algorithm for local extension, essentiaBfill-style determin-
istic finite-state tagging.

The breadth of the toolkit allows principled implementatiaf component
functions in a text processing chaisPpCs tokeniser, for instance, defers to
a token classifier realised as a single WFSA, itself derivechfthe union of
WEFSA's for many token types. By appealing directly to liréunctions export-
ing the toolkit functionality, the tokeniser produces adistoken objects: triples
encapsulating token start/end positions and its type.

SPPCencapsulates acascade of FSAS/FST's, whose goal is tdraohsa
hierarchical structure over the words in a sentence. ThedsBacle naturally
maps onto levels of linguistic processing: tokenisatieridal lookup, part-of-
speech-tagging, named entity extraction, phrasal asalgisiuse analysis. The
automata expect a list of annotation-like objects — suchasaken triples — as
input, and are defined to produce a list of annotation-lijects as output. The
granularity and detail of representation at different Isege, however, different:
the lexical processor, for instance, overlays a list ofdakitems on top of the
token list, where a lexical item (annotation) is a tuple wédferences to its initial
and final token objects.

Thus, each cascade level is configured for scanning diffdista, and em-
ploys predicates (on its automata transition arcs) spetfieach level. The
hierarchical structure constructed over the sentencesusnthaintained explic-
itly by means of references and pointers among the diffdesed lists. In fact,
Neumann & Piskorki (2002) descril&PCas operating over a complex data
structure calledext chart and only upon abstracting away frarpPcs details it
is possible to imagine this structure being conceptuallyivadent to an annota-
tions store. It is important to realise, however, taapcis not a text processing
architecture, with uniform concept of annotations and #aien abstractions
specified on arcs of FS automata. Insteskcis an application, configured for
a particular sequence of text processing components wiih@f& goal in mind,
and whose custom data structure(s) are exposed to an FXIt tyobppropri-
ately interfacing to its library functions. In other wor@gile sPpcdemonstrates
the elegance inherent to manipulating annotations by mebRS operations,
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at the same time it falls short of encapsulating this in a &aork which, by
appealing to an annotations-centric notation would en#i@econfiguration of
arbitrary cascades over arbitrary annotation types.

Similar shortcoming can be observed of a recent systemcattom-tailored
for a class of information extraction applications (Sritedmal. 2003). LikesPpPG
Infoxtract maintains its own custom data structur&lken list which in reality
incorporates a sequence of tree structures over which & gsayverlaid for the
purposes of relational information. There is clearly aeiiptetation of the token
list as an annotations store (ignoring, for the moment, efation encoding). For
the purposes of traversing this data structure, a spegcialdiism is developed,
which mixes regular with boolean expressions. The notigmtonly to be able
to specify ‘transductions’ over token list elements, bgbab have finer control
over how to traverse a sequence of tree elements. This is seltsihfoxtract
apart: grammars in its formalism are compiledree walking automatawith
the notation providing, in addition to test/match instrois, direction-taking
instructions as well.

Certain observations apply to the approaches discusséidkisdction. Not
all configurations of annotations can be represented agdhigal arrangements:
consequently, the range of annotation sequences that caubbgtted to an FS
device is limited. Attempts for more complex abstractioydally require ad-
hoc code to meet the needs for manipulating annotationsteidgroperties;
even so, there are certain limitations to the depth of ptygrecification on an-
notations. This leads to somewhat simplistic encapsuatian ‘annotation’ ab-
straction, which even if capable of carrying the repreg@nal load of a tightly
coupled system, may be inadequate for supporting co-gistt and possibly
conflicting — annotations-based analyses from a multitudéhod party’ an-
notators. While most systems cater for left/right contagpiection, examination
of higher and/or lower context is, typically, not possiblle.general, there is no
notion of support for directing a scanner in choosing a patbugh the annota-
tions lattice (apart from, perhaps, extra-grammaticalmadar choosing among
alternative matching regimes).

4 A design for annotations-based FS matching

A particular design described here seeks to borrow from abdettion of ap-
proaches outlined in the previous section; the design isglier, driven by the
requirements of robust, scalable NLP architecture (aspted in Sectionl), and
described in (Neff et al. Forthcoming). Briefly, thaJENT system (Text Anal-
ysis and Language ENgineering Tools) is a componentisddtacture, with
processing modules (annotators) organised in a (recoafig)rpipeline. An-
notators communicate with each other only indirectly, byangeof annotations
posted to, and read from, an annotation repository. In dalstrictly maintain
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this controlled mode of interaction between annotators diccument character
buffer logically ‘disappears’ from an annotator’s point\aéw. This strongly
mandates that FS operations be defined over annotationk@ngroperties.

Annotations encapsulate, in effect, data modeled as a tfgeadre sys-
tem.Types are partitioned into families, broadly corregting to different (log-
ical) levels of processing: tag (e.giTML or xmMmL) markup, document structure,
lexical (tokens or multi-words), semantic (e.g., ontobagcategories), syntactic,
and discourse. Features vary according to type, and thersysstpports dynamic
creation of new types and features.

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

A uniform mechanism for traversing the annotation repeogiis provided
by means of custom iterators with a broad set of methods faimgdorward
and backward, from any given position in the text, with resge a range of
ordering functions over the annotations (in particulaartstr end location, and
priority). In addition, iterators can be filtered’ by famgjlitype, and location. As
aresult, itis possible to specify, programmatically, sely how the annotations
lattice should be traversed. This underlies one of therdjsishing features of
our FST design: rather than rely exclusively (as, for insganAPE does) on
specifying different control regimes in order to pick aftative paths through a
lattice, we provide, inside of the FS formalism, notatioocahventions for di-
recting the underlying scan (which exploit the iteratorst jdescribed). This is
similar toinfoxtract’s notion of directive control, but broadly defined énrhs of
annotation configurations, uncommited to e.g., a tree &irec

Finite-state matching, as a system-level capability, evigled by packag-
ing FS operations within a (meta-)annotatosLENT’s FS transducer (hence-
forth TFST) encapsulates matching and transduction capabilitiesehes these
available for independent development of grammar-baseplistic filters and
processorsTFST is configurable entirely by means of external grammars, and
naturally allows grammar composition into sequential adss. Unlike other
annotators, it may be invoked more than once. Communicaitween differ-
ent grammars within a cascade, as well as with the rest ofyters (including
possible subsequemnksT invocations) is entirely by means of annotations; thus,
in comparison to mapping annotations to strings (cf. Sast® and 3 above),
there are no limitations to what annotation configuratiamgd be inspected by
an FS processor.

An industrial strength NLP architecture needs to identéparate compo-
nents of its overall data model: iPATENT, annotations are complemented by
e.g., alexical cache, shared resources, ontologicalmysteemantic categories,
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and so forth; see (Neff et al. Forthcoming). In order for th@ngmar writer to
have uniform access to these, the notation supports thiagvat grammars with
reference to all of the underlying data model.

Trying to keep up with the breadth of data types comprisingrapdex data
model makes for increasingly cumbersome notational cdiven Indeed, it
is such complexities — aiming to allow for manipulating atatmns and their
properties — that can be observed at the root of the desigrides of systems
discussed in Section 3. The challenge is to provide for alhaf, without e.g.,
allowing for code fragments on the right-hand side of thesybscATE does),
or appealing to ‘back-door’ library functions from an FSDiiat (as sppcal-
lows). Both problems, that of assuming that grammar writerald be familiar
with the complete type system employed by all ‘upstreamd(passibly third
party) annotators, and that of exposing to them API’s to arotations store have
already been discussed already.

Consequently, we make use of an abstraction layer betweammstation
representation (as it is implemented, in the annotationsiépry) and a set of
annotation property specifications which relate indivichrmotator capabilities
to granularity of analysis. Matching against an annotatiewithin any family,
and of any particular type — possibly further constrainedatiyibutes specific
to that type, becomes an atomic transition within a finitéestievice. We have
developed a notation for FS operations, which appeals teysiem-wide set of
annotation families, with their property attributes. Atygooint in the annota-
tions lattice, posted by annotators prior to ttwsT plugin, the symbol for cur-
rent match specifies the annotation type (with its full coenpént of attributes)
to be picked from the lattice and considered by the matchadper Run-time
behaviour of this operator is determined by a symbol compifeich uses the
type system and the complete range of annotation iteraasrddscribed above)
to construct, dynamically (see below), the sequence oftatinas defined by the
current grammar as a particular traversal of the annotatadtice, and to apply
to each annotation in that sequence the appropriate (alsantigally defined)
set of tests for the specified configuration of annotatiaribaiies.

Within the notation, it is also possible to express ‘trarwdiun’ operations
over annotations — such as create new ones, remove existesy modify and/
or add properties, and so forth — as primitive operations. dBfining such
primitives, by conditioning them upon variable setting dasting, and by al-
lowing annotations for successful matches to be bound tabas, arbitrary
manipulation of features and values (including feature@eation and embed-
ded references to annotation types as feature values) ate pussible. (This,
in its own right, completely removes the need for e.g., ailhgrcode fragments
on the RHS of grammar rules.) Full details concerning notesipecifics can be
found in (Boguraev & Neff 2003).

The uniform way of specifying annotation types on transigiamf an FST
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graph hides from the grammar writer the system-wide desgtufes separat-
ing the annotation repository from other components of tata dnodel. For
instance, access to lexical resources with morpho-syatadbormation, or to
external repositories like lexical databases or gazetteppears to the grammar
writer as querying an annotation with morpho-syntactigerties and attribute
values, or looking for an annotation defined in terms of a sgimantology.
Similarly, a rule can update an external resource by usingtiomal devices
identical to those for posting annotations.

The freedom to define, and post, new annotation types ‘on yhelfces
certain requirements on the FST subsystem. In partictlarnecessary to in-
fer how new annotations and their attributes fit into an alydastantiated data
model. TheTFsT annotator therefore incorporates logic which, duringatiga-
tion, scans an FST file (generated by an FST compiler tygicatining in the
background), and determines — by deferring to the symbolpti@m— what
new annotation types and attribute features need to be dgabynconfigured
and incrementally added to the model.

As discussed earlier, the implementation of a mechanismitiking a par-
ticular path through the annotations lattice over which girgn rule should be
applied — an essential component of an annotation-basedeay FS matching
— is made possible through the system of iterators descabede. Within such
a framework, it is relatively straightforward to specifyagrmars, for instance,
some of which would inspect raw tokens, others would abistrneer vocabulary
items (some of which would cover multiple tokens), yet osheright traffic in
constituent phrasal units (with an additional constraiargahrase type) or/and
document structure elements (such as section titles,rem¥eand so forth).

For grammars which examine uniform annotation types, ibssgble to in-
fer, and construct (for the run-time FS interpreter), arait@r over such a type (in
this example, as is the default, sentences). It is also lpledsi further focus the
matching operations so that a grammar only inspects indidertain ‘bound-
ary’ annotations. The formalism is thus capable of finergdispecification of
higher and/or lower context, in addition to left/right cext— an essential com-
ponent of lattice traversal. In general, expressive andepimlvFS grammars
may be written which inspect, at different — or even the sameeint of the
analysis annotations of different types. In this case itsiseatial that the ap-
propriate iterators get constructed, and composed, satfedititous annotation
stream gets submitted to the run-time for inspectiox,ENT deploys a special
dual-level iterator designed expressly for this purpose.

Additional features of thaFsT subsystem allow for seamless integration
of character-based regular expression matching (notdahtid tokens, and uni-
formly targeting the ‘covered string’ under any annota}jamorpho-syntactic
abstraction from the underlying lexicon representatioth gart-of-speech tagset
(allowing for transparent change in tagsets and taggemispdind composition
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of complex attribute specification from simple feature ggsuch as negation
and conjunction). Overall, such features allow for the egmcification, via the

grammar rules, of a variety of matching regimes which cansparently query

the results of upstream annotators of which only the extigrpablished 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 fagmsiliWhile sim-
plifying the task of the symbol compiler, this has complezhthe design of a
notation where transduction rules need to specify just itjiet combination of
annotation family, type, and properties.

In order to be truly compliant with notions like declaratiepresentation of
linguistic information, representational transparesaigth respect to different
components of a data model, and ability to support arbiteargls of granularity
of a set of analyses (which might have both potentially inpatible, and/or mu-
tually dependent, attribute sets), our framework has técadopted a system
of typed feature structure-based (TFS) annotation typesEci & Lally Forth-
coming). A redesign of the formalism, to support FS calcoker TFS'’s, brings
us close to the definition of “annotation transducers”,ddtrced by Wunsch
(2003), where matching operations are defined over fedtased annotation de-
scriptions and the match criterion is subsumption amonigifeatructures. This
is, is itself, derivative of thesrrouT system (Drozdzyhski et al. 20043AouT
openly adopts full-blown TFS’s to replace regular expm@ssi atomic symbols,
with the matching operation itself defined as unifiabilityléfS's. Feature struc-
ture expressions are also used to specify the shape anchtohtie result of
a transduction operation which is creating, conceptuallyew annotation type,
constructed by unification with respect to a type hierarchy.

The design offFsT has benefited greatly from the research described in the
first two sections of this paper. Extending this, we bringetbgr the advantages
of a flexible, principled, rich and open-ended represemadf annotations with
novel mechanisms for traversing an annotations latticedamiding an annota-
tion stream to be submitted to an FS device. On the desaiptile, this makes
it possible to develop grammars capable of examining amisfbaming any
configuration of annotations in an annotations store cdeateler real, possibly
noisy circumstances, by potentially conflicting annotatd®n the engineering
side, the benefits of TFS-based representations underigingleterministic FS
automata with unification — in particular, their compilatyiinto super-efficient
execution devices — have already been demonstrated: seestance, Brawer
1998, who reports matching speeds of up to 21 million tokemspcond.
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Acquiring Lexical Paraphrases from a Single Corpus
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Abstract

This paper studies the potential of extracting lexical phrases from a
single corpus, focusing on the extraction of verb paragw.ablost previ-

ous approaches detect individual paraphrase instanceis &ipair (or set)
of comparable corpora, each of them containing roughly aineesinforma-

tion, and rely on the substantial level of correspondencsuch corpora.
We present a novel method that successfully detects isofszeaphrase
instances within a single corpus without relying on any iaspstructure

and information.

1 Introduction

The importance of paraphrases has been recently receivavgg attention.
Broadly speaking, paraphrases capture core aspects abiyiin language, by
representing (possibly partial) equivalencies betweéerént expressions that
correspond to the same meaning. Representing and tracdaggdage variabil-
ity is critical for many applications (Jacquemin 1999). Egample, a question
might use certain words and expressions while the answbg found in a cor-
pus, might include paraphrases of the same expressions\jilarb et al. 2002).
Another example is multi-document summarization (Bayzédtal. 1999). In this
case, the system has to deduce that different expressiond fo several docu-
ments express the same meaning; hence only one of them d¥eindluded in
the final summary.

Recently, several works addressed the task of acquirireppaases (semi-)
automatically from corpora. Most attempts were based ontifyéng corre-
sponding sentences in parallel or ‘comparable’ corporagresteach corpus is
known to include texts that largely correspond to texts inther corpus (see
next section). The major types of comparable corpora aferdiit translations
of the same text, and multiple news sources that overlaglhaig the stories
that they cover. Typically, such methods first identify pajor sets) of larger
contexts that correspond to each other, such as corresgpddcuments, by
using clustering or similarity measuresat the documer Jend by utilizing ex-
ternal information such as requiring that correspondincudeents will be from
the same date. Then, within the corresponding contextsaljeithm detects
individual pairs (or sets) of sentences that largely oyeirigheir content and are
thus assumed to describe the same fact or event.
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Lin & Pantel (2001) propose a different approach for extracinference rules’,
which largely correspond to paraphrase patterns. Theihogeéxtracts such
paraphrases from a single corpus rather than from a conlparetiof corpora. It
is based on vector-based similarity (Lin 1998), which corepaypical contexts
in a global manner rather than identifying all actual paraph instances that
describe the same fact or event.

The goal of our research is to explore further the potenfié¢arning para-
phrases within a single corpus. Clearly, requiring a pairs@t) of comparable
corpora is a disadvantage, since such corpora do not exat tomains, and are
substantially harder to assemble. On the other hand, th®agp of detecting
actual paraphrase instances seems to have high potemt&altfacting reliable
paraphrase patterns. We therefore developed a methodetieatsiconcrete para-
phrase instances within a single corpus. Such paraphrstsaoes can be found
since a coherent domain corpus is likely to include repeegéatences to the
same concrete facts or events, even though they might be feithin generally
different stories. The first version of our algorithm wadnieted to identify lex-
ical paraphrases of verbs, in order to study whether theoagpras a whole is
at all feasible. The challenge addressed by our algorithim identify isolated
paraphrase instances that describesamefact within a single corpus. Such
paraphrase instances need to be distinguished from irstasfdistinct facts
that are described in similar terms. These goals are achiéwveugh a combi-
nation of statistical and linguistic filters and a probati@ally motivated para-
phrase likelihood measure. We found that the algorithmiomatation needed
for detecting such local paraphrase instances across k& siagpus should be
quite different than previous methods developed for comiglarcorpora, which
largely relied on a-priori knowledge about the correspowdebetween the dif-
ferent stories from which the paraphrase instances aracett.

We have further compared our method to the vector-baseaagipiof (Lin
& Pantel 2001). The precision of the two methods on commobs/mas compa-
rable, but they exhibit some different behaviors. In pattg our instance-based
approach seems to help assessing the reliability of catedidaaphrases, which
is more difficult to assess by global similarity measureshsagthe measure of
Lin and Pantel.

2 Background and related work

The importance of modeling semantic variability has beaem#y receiving
growing attention. Dagan & Glickman (2004) propose a gernfegimework for
modeling textual entailment that recognizes languageabdity at a shallow
semantic level and relies on a knowledge base of paraphedsss. Conse-
quently, acquisition of such paraphrase patterns is oft gigaificance. Lexical
resources such as WordNet are commonly utilized, howeegrténd to be too
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broad and do not contain the necessary domain vocabulamilaBity-based
lexical approaches (Lin 1998) are also inappropriate foresgic entailment for
they do not capture equivalence and entailment of meanihgallier broader
meaning similarity. Several works addressed the task afnaatically acquiring
paraphrase patterns from corpora. (Barzilay & McKeown 20k sentence
alignment to identify paraphrases from a corpus of multipglish translations
of the same text. (Pang et al. 2003) also use a parallel coffisinese-English
translations to build finite state automata for paraphrastems, based on syn-
tactic alignment of corresponding sentences. (Shinyarak 8002) learn struc-
tural paraphrase templates for Information extractiomfeocomparable corpus
of news articles from different news sources over a commaiogef time.
Similar news article pairs from the different news sourcesidentified based
on document similarity. Sentence pairs are then identifeeeth on the overlap
of Named Entities in the matching sentences. (Barzilay aaal2003) also uti-
lizes a comparable corpus of news articles to learn paraphpatterns, which
are represented by word lattice pairs. Patterns origigditom the same day but
from different newswire agencies are matched based oryenttrlap. We com-
pare our results to those of the algorithm by (Lin & Pantel2Q@hich extracts
paraphrase-like inference rules for question answerimm fa single source cor-
pus. The underlying assumption in their work is that pathddpendency trees
that connect similar syntactic arguments (slots) are cliogeeaning. Rather
then considering a single feature vector that originatesfthe arguments in
both slots, vector-based similarity was computed sepgréde each slot. The
similarity of a pair of binary paths was defined as the geodmetiean of the
similarity values that were computed for each of the twosslot

3 Algorithm

Our proposed algorithm identifies candidates of corresimgneerb paraphrases
within pairs of sentences. We defingerb instance paias a pair of occurrences
of two distinct verbs in the corpus. ®erb 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 thetagtic structure of the
corpus sentences, and to identify verb instances. We treatdrpus uniformly
as a set of distinct sentences, regardless of the documeatagraph they be-
long to. For each verb instance we extract the various siiota@mponents that
are related directly to the verb in the parse tree. For each samponent we
extract its lemmatized head, which is possibly extendedpdure a semantically
specified constituent. We extended the heads with any lexiadifiers that con-

stitute a multi-word term, noun-noun modifiers, numbers pireghositional ‘of’
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subject  secretargeneralboutrosboutrosghali subject iraqgiforce

object implementatiof_deal object  kurdishrebel

modifier after pp-on  augusBl
(A) verb: delay (B) verb: attack

Figure 1:Extracted verb instances for sentence “But U.N. Secre@Geperal
Boutros Boutros-Ghali delayed implementation of the dé&rdraqi forces
attacked Kurdish rebels on August 31”

complements. Verb instances are represented by the vecsyntactic modi-
fiers and their lemmatized fillers. For illustration, Figureshows an example
sentence and the vector representations for its two vetarioss.

3.2 Identifying candidate verb instance pairs (filtering)

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

We first limit our scope to pairs of verb instances that shazeramon (ex-
tended) subject and object which are not pronouns. Othenifisither the sub-
ject or object differ between the two verbs then they areikety to refer to the
same event in a manner that allows substituting one verbtivétother. Addi-
tionally, we are interested in identifying sentence paiith & significant overall
term overlap, which further increases paraphrase liketilfor the same event.
This is achieved with a standard (Information Retrievalegtyector-based ap-
proach, with tf-idf term weighting

e tf(w) = freg(w) in sentence

e idf (w) = log(N/ freq(w) in corpus) where N is the total number of to-

kens in the corpus.
Sentence overlap is measured simply as the dot product divtheectors. We
intentionally disregard any normalization factor (suchrathe cosine measure)
in order to assess the absolute degree of overlap, whilwialijdonger sentences
to include also non-matching parts that might corresporatoplementary as-
pects of the same event. Verb instance pairs whose senteadamis below a
specified threshold are filtered out.

An additional assumption is that events have a unique prtpoal repre-
sentation and hence verb instances with contradictingoveetre not likely to
describe the same event. We therefore filter verb instanice wéth contra-
dicting propositional information - a common syntacticaten with different
arguments. As an example, the sentence “Iraqgi forces eaptdurdish rebels
on August 29.” Has a contradicting ‘on’ preposition argumaith 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 eatinthe likelihood
that the two verb instances are paraphrases of the samerfagent. We thus
assign a paraphrase likelihood score for a given verb instpair/ vy, vo, which

corresponds to instances of the verb typeandwv, with overlapping syntactic

component®y, ps, ..., p,. The score corresponds (inversely) to the estimated

probability that such overlap had occurred by chance intliesecorpus, captur-
ing the view that a low overlap probability (i.e., low proliép that the overlap
is due to chance) correlates with paraphrase likelihood.e®#enate the over-
lap probability by assuming independence of the verb ant eais syntactic
components as follows:

P(]m,vz) = P(overlap = P(Ul;pl-, cee apn) P(UQ-,pla ce apn)
= P(’vl)P(vz)HP(Z%)2 1)

Where the probabilities were calculated using Maximum lifieod 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 likecmuanulate the
evidence from its corresponding verb instance pairs. Ratlg the vein of the
previous section we try to estimate the joint probabilitsttthese different in-
stance pairs occurred by chance. Assuming instance indepea, we would
like to multiply the overlap probabilities obtained for atistances. We have
found, though, that verb instance pairs whose two verbsgharsame subject
and object are far from being independent (there is a higkeliiood to obtain
additional instances with the same subject-object contioima To avoid com-
plex modeling of such dependencies we picked only one vestance pair for
each subject-object combination, taking the one with Idywesbability (highest
score). This yields the s&t(v,, v9) = (I, ..., I,) of best scoring (lowest prob-
ability) instances for each distinct subject and object ponents. Assuming
independence of occurrence probability of these instameesstimate the prob-
ability P(T'(v1,v9)) = [ P(I;), whereP(I) is calculated by Equation (1) above.
The score of a verb type pair is given by: sqeievy) = —log P(T (v1, v9)).

4 Evaluation and analysis

4.1 Setting

We ran our experiments on the first 15-million word (tokert)set of the Reuters
Corpus. The corpus sentences were parsed using the Mirégpandency parser
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(Lin 1993). 6,120 verb instance pairs passed filtering (wibrlap threshold
set to 100). These verb instance pairs derive 646 distinbttype pairs, which
were proposed as candidate lexical paraphrases alongheithcorresponding
paraphrase score.

1
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Figure 2:Precision (y axis) recall (x axis) curves of system paragbsaby
judge (verb type pairs sorted by system score)

The correctness of the extracted verb type pairs was eealuaer a sample of
215 pairs (one third of the complete set) by two human judghsye each judge
evaluated one half of the sample. In a similar vein to relatedk in this area,

judges were instructed to evaluate a verb type paira@sractparaphrase only if
the following condition holds: one of the two verbs can repléhe other within
some sentences such that the meaning of the resulting sentgth entail the

meaning of the original one. To assist the judges in assgssgiven verb type
pair they were presented with example sentences from thpusdhat include
some matching contexts for the two verbs (e.g., sentencesiich both verbs
have the same subject or object). Notice that the judgméetion allows for

directional paraphrases, such @svade, enteror (slaughter, kil}, where the
meaning of one verb entails the meaning of the other, buticetwersa.

4.2 Results of the paraphrase identification algorithm

Figure 2 shows the precision vs. recall results for eachgumigr the given test-
sets. The evaluation was conducted separately also by therawn the full
set of 646 verb pairs, obtaining comparable results to tHepend-ent evalua-
tors. In terms of agreement, the Kappa value (measuringwia& agreement
discounting chance occurrences) between the authors anddépendent eval-
uators’ judgments were 0.61 and 0.63, which correspond tdostantial agree-
ment level (Landis & Koch 1977). The overall precision foe ttomplete test
sample is 61.4% accuracy, with a confidence interval of [66.7] at the 0.05
significance level. Figure 3 shows the top 10 lexical paragpds, and a sample
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of the remaining ones, achieved by our system along with tinetators’ judg-
ments. Figure 4 shows correct sentence pairs describingnmoo event, which
were identified by our system as candidate paraphrase gestan

1- (fall, rise) 8+ (cut, lowel 302+ (kill, slaughteb

2+ (close, enyl 9- (rise, shedl 362+ (bring, take

3+ (post, repoit 10+ (fall, slip) 422+ (note, say

4+ (recognize, recognize 62+  (honor, honour 482- (export, load

5+ (fire, launch 122+ (advance, rise 542+ (downgrade, relax
6+ (drop, fall) 182+ (benefit, bolster 602+ (create, establish
7+ (regard, view 242+ (approve, authorize 632- (announce, give

Figure 3:Example of system output with judgments

An analysis of the incorrect paraphrases showed that rgugie third of the
errors captured verbs with contradicting semantics orrgmirs (e.g.{rise, fall),
(buy, sel), (capture, evacuatpand another third were verbs that tend to rep-
resent correlated events with strong semantic similagtg.((warn, attack,
(reject, criticize). These cases are indeed quite difficult to distinguish from
true paraphrases since they tend to occur in a corpus wititasioverlapping
syntactic components and within quite similar sentencegure 4 also shows
examples of misleading sentence pairs demonstrating ffieutties posed by
such instances. It should be noticed that our evaluatiorpedermed at the verb
type level. We have not evaluated directly the correctnéfsedndividual para-
phrase instance pairs extracted by our method (i.e., whétleetwo instances
in a paraphrase pair indeed refer to the same fact). Suchagiai is planned
for future work. Finally, a general problematic (and rarafjdressed) issue in
this area of research is how to evaluate the coverage oil rddhle extraction
method relative to a given corpus.

4.3 Comparison with (Lin & Pantel 2001)

We applied the algorithm of (Lin & Pantel 2001), denoted hasetheLp al-
gorithm, and computed their similarity score for each péiverb types in the
corpus. To implement the method for lexical verb paraplsasach verb type
was considered as a distinct path whose subject and obpacth@ roles of the
XandY slots.

As it turned out, the similarity score aP does not behave uniformly across
all verbs. For example, many of the top 20 highest scorin peirs are quite
erroneous (see Figure 5), and do not constitute lexicappaaaes (compare with
the top scoring verb pairs for our system in Figure 3). Thdlanity scores do
seem meaningful within the context of a single versuch that when sorting all
other verbs by thep score of their similarity to v correct paraphrases are more
likely to occur in the upper part of the list. Yet, we are notagvof a criterion
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rase instance pairs

Metropolitan Plc of Britain for about $21
million.

Campbell isbuying Erasco from Grand

Campbell ispurchasing Erasco from Grang
D Metropolitan for approximately US$21
million.

The stock of Kellogg Co.dropped Thurs-
day after the giant cereal maker warned t
its earnings for the third quarter will be 2
percent below a year ago.

The stock of Kellogg Cofell Thursday after
nat warned about lower earnings this year . {.
0

leng Sary on Wednesday formallgn-

rival group called the Democratic Nation
United Movement.

nounced his split with top Khmer Rouge
leader Pol Pot, and said he had formeg

In his Wednesday announcement leng Sg
who was sentenced to death in absentie
his role in the Khmer Rouge’s bloody rulg
alconfirmed his split with paramount leade
Pol Pot.

misleading

instance pairs

Last Friday, the United Statemnnounced

and apparel quotas ...

punitive charges against China’s 1996 text

China on Saturday urged the United Sta
iléo rescind punitive charges against Beijing
1996 textile and apparel quotas . ..

Municipal bond yieldddropped as much as
15 basis points in the week ended Thursd|
erasing increases from the week before.

Municipal bond yieldgumped as much as
a5 basis points over the week ended Thy
day...

Rand Financials notablypought October
late while Chicago Corp and locals lifte]

Rand Financials notablgold October late
dwhile locals pressured December.

December into by stops.

Figure 4:Examples of instance pairs

that predicts whether a certain verb has few good paraphrasany or none.
Given this behavior of thep score we created a test sample forthalgorithm
by randomly selecting verb pairs of equivalent similarankings relative to the
original test sample. Notice that this procedure is favierédtheLr method for
it is evaluated at points (verb and rank) that where predibieour method to
correspond to a likely paraphrase.

The resulting 215 verb pairs were evaluated by the judgesgahdgth the
sample for our method, while the judges did not know whichesysgenerated
each pair. The overall precision on the method for the sample was 51.6%,
with a confidence interval of [46.1,57.1] at the 0.05 sigaifice level. Theap

(misread, misjudg€0.62);(barricade, sandbaf.29);(disgust, mystify(0.27);(jack,
decontro)(0.27); (Pollinate, podi(0.25); (mark down, decontrg(0.23); (subsidize,
subsidis®(0.22); (wakeup, diving(0.21); (thrill, personify)(0.21); (markup,
decontro)(0.20); (flatten, steepeif0.20); (mainline, pig(0.20); (misinterpret,
relive)(0.20); (remarry, flaunt(0.19); (distance, dissociatD.18); (trumpet,
drive_home (0.18);(marshal, beleagug0.17);(dwell_on, feedon)(0.17);(scrutinize,
misinterpre}(0.16);(disable, counsg(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 tharrésults for our
comparable sample, but the two confidence intervals ovetightly. It is in-

teresting to note that the precision of the algorithm over all pairs of rank 1
was also 51%, demonstrating that just rank on its own is naiad dasis for
paraphrase likelihood. Figure 6 shows overall recall vecigion from both

1

0.8
0.6 1 —m— [ similariy
0.4 paraphrase
0.z

D T

0 0.a 1

Figure 6:Precision recall curve for our paraphrase method ariisimilarity

judges for the two systems. The results above show that #espon of the
vector-based P method may be regarded as comparable to our instance-based
method, in cases where one of the two verbs was identified bynethod to

have a corresponding number of paraphrases. The obtaineldoeaccuracy

for these cases is substantially higher than for the toprsg@airs byLp. This
suggests that our approach can be combined with the veasadbapproach to
obtain higher reliability for verb pairs that were extratfeom actual paraphrase
instances.

5 Conclusions

This work presents an algorithm for extracting lexical vpesaphrases from a
single corpus. To the best of our knowledge, this is the fitshapt to identify
actual paraphrase instances in a single corpus and to egtnaphrase patterns
directly from them. The evaluation suggests that such aroagp is indeed vi-
able, based on algorithms that are geared to overcome mahyg ofiisleading
cases that are typical for a single corpus (in comparisoongparable corpora).
Furthermore, a preliminary comparison suggests that vairis pxtracted by our
instance-based approach are more reliable than those dragéubal vector sim-
ilarity. As a result, an instance-based approach may be ir@mulwith a vector-
based approach in order to assess better the paraphrdgebkifor many verb
pairs. Future research is planned to extend the approaamntiidumore complex
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paraphrase structures and to increase its performancedyygen additional
sources of evidence.
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Multi-Word Collocation Extraction by Syntactic
Composition of Collocation Bigrams

VIOLETA SERETAN, LUKA NERIMA & ERIC WEHRLI
Language Technology Laboratory, University of Geneva

Abstract

This paper presents a method of multi-word collocationaetion, which
is based on the syntactic composition of two-word collao&ipreviously
identified in text. We describe a procedure of word linkingttiteratively
builds up longer expressions, which constitute multi-wostlocation can-
didates. We then present several measures used for caigatking
according to the collocational strength, and show the tesila trigram
extraction experiment. The methodology used is partibukasited for the
extraction of flexible collocations, which can undergo ctexsyntactical
transformations such as passivization, relativization dislocation.

1 Introduction

Collocations,defined as “arbitrary and recurrent word ciowiiions” in (Benson
1990) or “institutionalized phrases” in (Sag et al. 2002present a subclass of
multi-word expressions that are prevalent in language édan important role
in its naturalness. Theollocate i.e., the “right word” used in combination with
a given word (usually callebase wordlis unpredictable for non-native speakers.
The preference for a specific word instead of another is @idthy the conven-
tional usage in a specific language, dialect, domain (or axgne period), rather
than by syntactic or semantic criteria. A French speakemfiance, needs to be
aware of the conventional usage of an expression, eegcdunter difficulties
in order to avoid unnatural paraphrases sucH'teel difficulties. Collocations
constitute a big concern for non-native speakers facedtiviliask of producing
proficient text. InNLP, the collocational knowledge is indispensable for major
applications such as the machine translation and the mné&nguage generation.

The phenomenon of words collocability has been given pddicattention
since Firth (1957), who made the statement that a words mctaized by “the
company it keeps”. Two main approaches have been followethécolloca-
tional knowledge acquisition: a lexicographic one, omehtowards the creation
of dictionaries encoding words’ combinatorial possibakt (notably (Benson et
al. 1986, Mel'cuk et al. 1984)), and a statistical one, airaedutomatically ex-
tracting relevant word associations from text corpora.{€foueka et al. 1983,
Sinclair 1991, Church & Hanks 1990, Smadja 1993).

As stated by Harris (1988) in the “likelihood constraintééich word has a
particular and roughly stable likelihood of occurring asgarment, or operator,
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with a given word), the collocating words are syntactically bound. The codl-
tion is, in fact, a well-formed expression. Unfortunatéhe existing collocation
extraction methods usually ignore the linguistic struetand rely almost com-
pletely on the text’s surface, while it is generally agrewat the extraction should
ideally be done from analyzed rather than from raw text (§enh€93:151).

More recentwork (e.g., (Grishman & Sterling 1994, Lin 19RB8nn & Evert
2001)) performs a shallow text analysis (POS tagging, letima#on, syntactic
dependency test) in order to syntactically filter the caatficexpressions. Still,
it is insufficient to account for the flexible collocations Wwhich the constituent
words may appear inverted, arbitrarily distant from eadtengtand may not be
directly related syntactically (as, for instance, the veotavercomé and “diffi-
culties' in the expressionthedifficulties that the country tried tmvercomé).

Some major drawbacks of the classical methods are: thelppessigram-
maticality of the candidates considered, the combindtexplosion when con-
sidering all possible words combinations, the limitatioftbie majority of stochas-
tic tests) to two-word combinations. These drawbacks cénlmnovercome by
performing a deep syntactic analysis that takes into addbencomplex gram-
matical processes underlying the text form.

The performance of extraction systems is essential for ubsexjuent treat-
ment of collocations in importamiLpP applications such as machine translation,
information retrieval, word sense disambiguation. Thenefve propose an ap-
proach to multi-word collocation extraction which focusesthe use of syn-
tactic analysis and syntactic criteria for defining collbma candidates. Our ap-
proach is supported by the strong increase, over the lasydaws, of the avail-
ability of computational resources and software tools ckg@d to large-scale
and robust syntactic parsihg

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

2 Existing methods of multi-word collocation extraction

Traditional approaches to automatic collocation extoactirom text corpora
rely on stochastic measures,which range from the simplel woroccurrence
frequency to more sophisticated statistical tests (eog-likelihood ratios test

! See (Ballim & Pallotta 2002) for recent advances in robussipg.
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(Dunning 1993), Studentistest, Pearson’s? tesf) or on information theoretic
measures (e.g., the mutual information (Church & Hanks 1990

One feature these methodsshare is that they use the textxahfty as the
main criterion for the selection of candidate collocatioimstead of syntactic
criteria. Since they consider any word combination as al\ndidate, they are
forced to limit to a text window of fixed size (usually 5 word$jioreover, they
usually do not take into account collocations made up of niiwa@ two words,
as the lexical association measures are generally designpdirs of items.

Only few methods, e.g., (Choueka et al. 1983, Smadja 1988)lao con-
cerned withn-grams (>2). The method proposed by Choueka et al. (1983)
for finding n-word collocations considers the frequency of consecutived se-
guences of length (with nfrom 2 to 6). The limitation ta=6 is due to the rapid
increase of the number of all possillgrams, fom bigger than 6.

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

Both methods rely only on a superficial text representatignile the authors
point out that the selection of terms should ideally be datiewing linguistic
criteria.

Since robust large-scale parsers became in the meantintetdeathe more
recent methodsfocus on using parsed rather than raw tekigoam extraction
(e.g., Lin 1998, Goldman et al. 2001). Our work relies to gdaextent on the
features of the method of (Goldman et al. 2001), which we bvikfly present
in the next section.

3 Collocation bigrams extraction with FipsCo

FipsCo (Goldman et al. 2001) is a term extractor systemétigsron Fips (Laen-
zlinger & Wehrli 1991), a robust, large-scale parser basedroadaptation of
Chomsky’s “Principles and Parameters” theory. The systeimaets, from the
parsed text, all the co-occurrences of words in given syistaonfigurations:
noun-adjective, adjective-noun, noun-noun, houn-priépasnoun, subject-verb,
verb-object, verb-preposition, verb-preposition-argain It thus apply a strong
syntactic filter on the candidate bigrams. Subsequentlgpijilies the log-
likelihood test (Dunning 1993) on the sets of bigrams oladjrin order to rank
them according to the degree of collocability.

2 For a rather comprehensive overview see chapter 5 of (Mgr&iBchiitze 1999).
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The strength of this approach comes from the combinatidmefdeep syntac-
tic analysis with the statistical test. The sentences armalized (the words
are considered in their lemmatized form and in their cararposition). The
system is able to handle complex cases of extrapositiom, asicelativization,
passivization, raising, dislocation.

To illustrate this, let us consider the following sentenegient (a real cor-
pus example we have encounteredjhe'difficulties that the country tried to
overcomé&. Extracting the collocation of verb-object typ@evercome — diffi-
culty’ requires a complex syntactic analysis, made up from ségéeps: rec-
ognizing the presence of a relative clause; identifyingahtecedent‘the dif-
ficulties”) of the relative pronounthat’; and establishing the verb-object link
between this pronoun and the verb of the relative clauses dtiliocation will
simply be overlooked by classical statistical methods,rehesually the size of
the collocational window is 5. Such situations are quitedient for example in
Romance languag&sn 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 syntacticalind collocation
bigrams, which may occur unrestrictedly with respect tottxtual realization.
The system relies on a deep syntactic analysis that canéhaadiplex cases of
extraposition. We will take advantage of these featureshfermulti-word col-
locations identification, since they guarantee both thengraticality of results,
and the unconstrained search space and realization form.

Since the FipsCo system actually returns not only the bestdccolloca-
tions, but all the candidate bigrams, we generate all theiplesmulti-word as-
sociations from text. Our goal is to build up, using the sedxifacted bigrams,
the sequences of bigrams sharing common words. The obtedfiedate chains
represent well-formed multi-word associations. The canfitjon of their syn-
tactic structure is defined by the syntactic relations iniiggams involved. The
shared term must be the same not only lexically, but alsoxicdly (the very
same occurrence in the text). Due to the syntactic consttamshared term will
actually appear in the same sentence as the other collocates

For instance, given two bigramei( w,), (W, Ws) with, we can construct the
trigram: (v, Wy, ws), as in the case of the following collocationgefrorist at-
tack’, “ attack of Septemb&rwe obtain the trigram collocationtérrorist attack
of Septembér

3 Goldman et al. (2001) report a high percentage of cases iohithie distance base-collocate
is more than 5 words in a French corpus.
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Note that the condition of indexical identity avoids comdtions with different
readings in case of polysemy, e.gerrorist attack with “ attack of coughing

Repeating the same procedure we can add further words tdtamed tri-
grams, thus obtaining multi-words collocations of arbigri@ngth. Moving on to
n-grams will conserve the inclusion of all terms in the sameesgce. We impose
no default restrictions on the syntactic configuration efthsulting expression.

In what follows, we present the word linking procedure tHbves the con-
struction of longer multi-word collocations (hencefortkvcs) 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 collocatiomsrder to discover
longer collocations makes use of the criterion of the eristenf a syntactic link
between the new words and one of the existing collocationisla: Recursively
applied to the set of generated collocations in each stépptbcedure allows
the incremental composition of longer collocation fromséosubparts. In thus
leads to the identification of all collocation candidatesaitext; the distance
between the composing words is only limited by the sentero@indaries.

Building up all the possible trigrams from a set of bigrams t& done,
for example, by considering all the pairs of bigrams thatsharms. We call
“pivot” the term shared by two bigrams. There are three [bilfsés to construct
a trigram, that correspond to the position of the pivot intthie bigrams. In the
first case, the pivot is the last term in one bigram, and theifirthe another.
It occupies the middle (internal) position in the new trigraas in ‘terrorist
attack of Septembér In the other two cases, the pivot occupies an external
position, either on the left (as irhaveimpact ori, derived from the bigrams
“have impact and “have on”), or in the right (as in found [of] presidential
electior?, derived from ‘found [of] electiori and “presidentialelectiort).

For the general case, the following procedure is used tementally build
up longem-grams:

C:=D;
repeat
N =0;

for eachMWC,; in C
for eachMWC; in C, i# |
if combine(i, j)then
add(V, combination(i, j));
removeD, MWC));
removeD, MWC;);
C:=N;
D:=DC;
C

until 0;
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whereD is the set that will contain the results, initially contaigiall the bi-
grams;C - a temporary set currently used in an iteration; #id the newly
generated n-grams in the current iteration.

The following criterion is considered for combining two rtisord collo-
cations (#wcs) into a larger one: twewcs can combine if they have at least
one term that is different and one that is shared (i.e., thatthe same position
in text). In the procedure above, the predicadenbine(i, j)checks whether this
criterion is satisfied by the expressions/c; andMwc,, andcombination(i, j)
is the resultinguwc (obtained by merging the terms involved).

At each step, the procedure tries all the possible comlonaamong already
generatediwcs using the above stated composition criterion. It adds #ve n
combinations to the results sBt from which it then eliminates the participating
(subsumedpmwecs.

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

4.2 Association measures

Themwcs extracted with the algorithm described above represkthisasyntac-
tically bound co-occurrences of terms in the corpus. Inotoélentify the good
collocation candidates among them we proposed 4 methodsi&mtifying their
degree of collocability.

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

Finally, as a fourth method, we apply the log-likelihoodttése same test
that FipsCo applied to words in order to score collocatiagrdns. We instead
apply it to bigrams, in order to score the trigrams build fribvase bigrams. The
contingency table (which is used to compute the log-lil@dith values) contains
the joint and marginal frequencies for each two bigrams, free corpus fre-
quency of the two bigrams together (as a trigram), and reispécthe corpus
frequency of each of the two bigrams.

In order to apply this measure to arbitrarily lomyvcs, we can apply it
recursively to the sulwwcs composing a givemwc. LetMmwc,; andMwcC, be
two Mwcs that compose a largenwc (as described in 4.1). The log-likelihood
score is computed using a contingency table for the pairdg;, MwcC,), listing
co-occurrence frequencies related to each of the two sptessions.
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5 The experiment. Results and discussion

We applied the method of identifying multi-word collocat®as presented in
the previous section on a corpus of 948 English articles fteemagazine “The
Economist”. The collection of texts, amounting to about 800 words, was
first parsed and about 142,000 syntactically bound bigraere wxtracted with
FipsCo (no frequency filter was applied). About 7.00% of tkigaeted bigrams
involved more than two words

We then extracted trigrams using the word linking method@nged in sub-
section 4.1. We obtained a number of 54,888 trigrams, diliid& 3,990, 27,121,
and 13,777 for each pivot position case (i.e., left, middte right respectively).
Table 1 shows the 10 most frequent trigrams in the whole set,tlae top 10
trigrams according to the log-likelihood measure.

trigram freq trigram log
weapon of mass destruction 38 weapon of mass destruction.0579
have impact on 17 bhave 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 fromin 120.57
rise in to 10 playrolein 110.07
move from to 10 make difference to 109.46
rise from in 10 riseinto 105.43
play role in 9 second world war 105.42
betoin 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-likeliho@ésures are appro-
priate for scoring collocations, with the log-likelihoolightly more precise.

The measure based on the sum yields uninteresting ressitis, @xpression
may obtain a good score if it happen to contain a top scorecimidas prime
minister’), even if it is not a collocation (e.g. prime minister promisg.

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

However, to estimate the efficiency of these measures a sghtliation
should be performed against a gold standard, possibly bytedpa n-best strat-
egy, as in (Krenn & Evert 2001).

4 FipsCo is able to extract some multi-word collocations agdms involving a compound,
idiom or collocation already present in the lexicon.
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We were interested in the syntactic configurations of theimdrd collocations
obtained, as they could suggest syntactic patterns to ustdoextraction of
multi-word collocations directly from parsed text. The ripequent association
types found in the corpus are listed in Table 2, together antexample for each
type’.

rell rel2 frequency example

Noun-Prep-Noun  Adjective-Noun 5607 round of presiderelattion
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 prosperit

Table 2:The 10 most frequent association types for trigrams

As mentioned earlier, during the extraction no predefinedeastic patterns were
used (we imposed no restriction on the configuration of ndwlit expressions).

Nevertheless, the trigram patterns which are discoverdegpendent on the bi-
gram patterns used by FipsCo extraction system, therdfenedoverage depend
on how exhaustive the initial patterns are.

6 Conclusions and future work

We have presented a method for the multi-word collocatidreetion that relies
on the previous extraction of collocation bigrams from textd is based on it-
eratively associating already constructed collocatigriisgia syntactic criterion.
We have used several measures for estimating the strentjtb asociation. In
particular, we applied the log-likelihood ratio statisti¢est (initially used for
word bigrams) to the extracted multi-word collocationsisTtiest appears to be,
together with the frequency, the relatively best measurevaluating the collo-
cational strength.

The methodology used is based on a hybrid (linguistic antisttal) ap-
proach aimed at improving the coverage and the precisionutti-suord collo-
cation extraction. Unlike purely statistical approachies,method presented can
handle collocations whose terms occur in text at a long nicsgtdrom each other

5 The frequency counts refer to the distinct collocationsasted, 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 tHeaations can undergo.
At the same time, the results are grammatical, due to theastically based filter
of candidates and to the syntactic nature of the criteriedl éisr the composition
of longer multi-word collocations.

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

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

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

Existing statistical approaches to natural language problare very coarse
approximations to the true complexity of language procgssis such, no
single technique will be best for all problem instances. Meesearchers
are examining ensemble methods that combine the outputlapteumod-
ules to create more accurate solutions. This paper exantiress merging
rules for combining probability distributions: the fanaifimixture rule, the
logarithmic rule, and a novel product rule. These rules veggied with
state-of-the-art results to two problems used to assesamunastery of
lexical semantics — synonym questions and analogy questiat three
merging rules result in ensembles that are more accurateatiaof their
component modules. The differences among the three ridesoastatisti-
cally significant, but it is suggestive that the popular migtrule is not the
best rule for either of the two problems.

1 Introduction

Asked to articulate the relationship between the wardad androad, you might
consider a number of possibilities. Orthographically, seeond can be derived
from the first by deleting the initial letter, while semauatlig, the first can modify
the second to indicate above-average width. Many posstdéonships would
need to be considered, depending on the context. In additiamy different
computational approaches could be brought to bear, leavdagigner of a nat-
ural language processing system with some difficult choigesound software
engineering approach is to develop separate modules usilegéndent strate-
gies, then to combine the output of the modules to producéfedsolver.

The concrete problem we consider here is predicting theecbemswers to
multiple-choice questions.Each instance consists of éezband a finite set of
choices, one of which is correct. Modules produce a protvaldistribution
over the choices and a merging rule is used to combine thes&dtions into
one. This distribution, along with relevant utilities, cdren be used to select a
candidate answer from the set of choices. The merging rudesonsidered are
parameterized, and we set parameters by a maximum likelihpproach on a
collection of training instances.
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Many problems can be cast in a multiple-choice frameworkluiting optical
digit recognition (choices are the 10 digits), word sensaubiguation (choices
are a word’s possible senses), text categorization (ch@oe the classes), and
part-of-speech tagging (choices are the grammatical cetesx). This paper
looks at multiple-choice synonym questions (part of thet BésEnglish as a
Foreign Language) and multiple-choice verbal analogy tipres (part of the
SAT college entrance exam).Recent work has shown thatitigos for solving
multiple-choice synonym questions can be used to deterthegemantic ori-
entationof a word; i.e., whether the word conveys praise or critic{Surney &
Littman 2003b). Other research establishes that algositi@msolving multiple-
choice verbal analogy questions can be used to ascertaseth@ntic relationn

a noun-modifier expression; e.g., in the expression “lagates”, the modifier
“laser” is aninstrumentused by the noun “printer” (Turney & Littman 2003a).

The paper offers two main contributions. First, it introds@nd evaluates
several new modules for answering multiple-choice synogyestions and ver-
bal analogy questions. Second, it presents a novel prodletfar combining
module outputs and compares it with other similar mergirgsu

Section 2 formalizes the problem addressed in this papemarmiuces the
three merging rules we study in detail: the mixture rule |tgarithmic rule, and
the product rule. Section 3 presents empirical results anrsym problems and
Section 4 considers analogy problems. Section 5 summamks/raps up.

2 Module combination

The following synonym question is a typical multiple-cheiguestionhidden::

(a) laughable, (b) veiled, (c) ancient, (d) revealed. The stemhidden, is the
guestion. There are = 4 choices, and the question writer asserts that exactly
one (in this case, (b)) has the same meaning as the stem waelacturacy

of a solver is measured by its fraction of correct answers eataf/ testing
instances.

In our setup, knowledge about the multiple-choice task isapeulated in
a set ofn modules, each of which can take a question instance anchratur
probability distribution over thé choices. For a synonym task, one module
might be a statistical approach that makes judgments basadalyses of word
co-occurrence, while another might use a thesaurus toifggmbmising can-
didates. These modules are applied to a training set ofstances, producing
probabilistic “forecasts"p?j > 0 represents the probability assigned by module
1 < i < nto choicel < j < k on training instancé < h < m. The estimated
probabilities are distributions of the choices for each med on each instance

h: ij% =1
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2.1 Merging rules

The rules we considered are parameterized by a set of weightse for each
module. For a given merging rule, a setting of the weight mect induces a
probability distribution over the choices for any instanket Dh *“ be the prob-
ability assigned by the merging rule to choigeof training mstanceh when
the weights are set to. Let1 < a(h) < k be the correct answer for in-
stanceh. We set Weights to maximize the likelihood of the trainingaday =

argmax,, [ [, Dh “’ . The same weights maximize theean likelihoodthe geo-
metric mean of the probabilities assigned to correct arswer

We focus on three merging rules in this paper. Thigture rulecombines
module outputs using a weighted sum and can be wrizm_s,@ =3, 71)Zplj,

where D" = M/ M is the probability assigned to choigeof in-
stanceh andO <w; <1, The rule can be justified by assuming each instance’s

answer is generated by a single module chosen via the distnibw; / Y, w;.
The logarithmic rulecombines the logarithm of module outputsbgl“’ =

exp(}; winply) = T[;(pf)"™, whereD}™ = L/ 3> 1" is the probability
the rule aSS|gns to chom;eof instance. The welghtw, indicates how to scale
the module probabilities before they are combined muttgilvely. Note that
modules that output zero probabilities must be modified fieeflois rule can be
used.

Theproduct rulecan be written in the fornIPh Y =TT (wiply + (1= w;) [k),

where D" = P/ 3 P’”“ is the probablllty the rule assigns to choige

The weight0 < w, <1 indicates how modulés output should be mixed with
a uniform distribution (or a prior, more generally) beforgtfmuts are combined
multiplicatively. As with the mixture and logarithmic ridea module with a
weight of zero has no influence on the final assignment of gititias.

For the experiments reported here, we adopted a straigiatfdrapproach to
finding the weight vectow that maximizes the likelihood of the data. The weight
optimizer reads in the output of the modules, chooses a rarstlarting point for
the weights, then hillclimbs using an approximation of tlsetial derivative.
Although more sophisticated optimization algorithms asdl wnown, we found
that the simple discrete gradient approach worked well orapplication.

2.2 Related work

Merging rules of various sorts have been studied for mangsye@ad have gained
prominence recently for natural language applicationse &f¢he mixture rule
and its variations is quite common. Recent examples indluelevork of Brill &
Wu (1998) on part-of-speech tagging, Littman et al. (2002¢mssword-puzzle
clues and Florian & Yarowsky (2002) on a word-sense disaodiign task. We
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use the name “mixture rule” by analogy to the mixture of expenodel (Ja-
cobs et al. 1991), which combined expert opinions in an gtale way. In the
forecasting literature, this rule is also known as the lirganion pool; Jacobs
(1995) provides a summary of the theory and applicatione®htixture rule in
this setting.

The logarithmic opinion pool of Heskes (1998) is the basisdor loga-
rithmic rule. Boosting (Schapire 1999) also uses a logigtigression-like rule
to combine outputs of simple modules to perform state-efdh classification.
The product of experts approach also combines distribsitronltiplicatively,
and Hinton (1999) argues that this is an improvement ovet\thguer” proba-
bility judgments commonly resulting from the mixture rul&.survey by Xu et
al. (1992) includes the equal-weights version of the mixtute. A derivation of
the unweighted product rule appears in Xu et al. (1992) amdéyuet al. (2003).

An important contribution of the current work is the produate, which
shares the simplicity of the mixture rule and the probatidisistification of the
logarithmic rule. We have not seen an analog of this rule enftimecasting or
learning literatures.

3 Synonyms

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

3.1 Modules

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

PMI-IR. Our Pointwise Mutual Information-Information Retrievabdule
used the AltaVista search engiverw.altavista.com  )to determine the num-
ber of web pages that contain the choice and stem in closenpitgx PMI-IR
used the third scoring method (near each other, but not mepdesigned 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 Wordsmythvwgw.wordsmyth.net ) and col-
lected any words listed in the “Similar Words”, “Synonym$&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 synonymf@stthe stem and
for each choice, then scored them by their overlap.

Connector. Our Connector module used summary pages from querying
Google foogle.com ) with pairs of words to estimate pair similarity. It as-
signed a score to a pair of words by taking a weighted sum df thet number
of times they appear separated by one of the synibbls, ,, =,/, \, (, ], means,
defined, equals, synonym, whitespace, andnd and the number of timedictio-
nary or thesaurus appear anywhere in the Google summaries.

3.2 Results

Table 1 presents the result of training and testing eacheofdbir modules on
synonym problems. The first four lines list the accuracy amamlikelihood

obtained using each module individually (using the produl to set the indi-
vidual weight). The highest accuracy is that of the Thessaradule at 69.6%.
All three merging rules were able to leverage the combinatithe modules to
improve performance to roughly 80% — statistically sigrifitly better than the
best individual module.

Although the accuracies of the merging rules are nearlytidanthe product
and logarithmic rules assign higher probabilities to cdremswers, as evidenced
by the mean likelihood. To illustrate the decision-theigrghplications of this
difference, imagine using the probability judgments in stegn that receives a
score of+1 for each right answer and1/2 for each wrong answer, but can skip
guestions. In this case, the system should make a guess vendghe highest
probability choice is abové/3. For the test questions, this translates to scores
of 71.0 and 73.0 for the product and logarithmic rules, buy &v.5 for the
mixture rule; it skips many more questions because it isfiitsently certain.

3.3 Related work and discussion

Landauer & Dumais (1997) introduced the Test of English a®m@ign Lan-
guage (TOEFL) synonym task as a way of assessing the accofaclearned



106 P. TURNEY, M. LITTMAN, J. BIGHAM & V. SHNAYDER

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 e used the same
data set for direct comparability; Table 2 presents thesdtse

The accuracy of LSA (Landauer & Dumais 1997) is statistjcaidistin-
guishable from that of a population of non-native Englisbaers on the same
guestions. PMI-IR (Turney 2001) performed better, but tiffer@nce is not sta-
tistically significant. Jarmasz & Szpakowicz (2003) giveuks for a number
of relatively sophisticated thesaurus-based methodsldbo&ed at path length
between words in the heading classifications of Roget’s dimes. Their best
scoring method was a statistically significant improvenoset the LSA results,
but not over those of PMI-IR. Terra & Clarke (2003) studiedhasty of corpus-
based similarity metrics and measures of context and aethiavstatistical tie
with PMI-IR and the results from Roget’s Thesaurus.

To compare directly to these results, we removed the 80 TORS§t#ances
from our collection and used the other 351 instances fonitrgithe product
rule. The resulting accuracy was statistically signifigabetter than all previ-
ously published results, even though the individual mosiplerformed nearly
identically to their published counterparts.

4 Analogies

Synonym questions are unique because of the existencesafuttie— reference
books designed precisely to answer queries of this form. ré@lagionships exem-
plified in analogy questions are quite a bit more varied andat systematically
compiled. For example, the analogy questiatimeow:: (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)hanstem are ex-
amples of the relationX is the name of the sound made by. This type of
common sense knowledge is rarely explicitly documented.

In addition to the computational challenge they presertiagical reasoning
is recognized as an important component in cognition, dhiolyilanguage com-
prehension (Lakoff & Johnson 1980) and high level percepf©halmers et al.
1992).
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To study module merging for analogy problems, we collectédl 3-choice in-

stances. We randomly split the collection into 274 trainimgtances and 100
testing instances.We next describe the novel modules wea@sed for attacking
analogy problems and present their results.

4.1 Modules

Phrase vectors.We wish to score candidate analogies of the fér®::C:D (A

is toB asC is to D). The quality of a candidate analogy depends on the simi-
larity of the relationR; betweenA andB to the relationR, betweenC andD.
The relationsRk; and R, are not given to us; the task is to infer these relations
automatically. Our approach to this task is to create veatoandr, that rep-
resent features ak; and R,, and then measure the similarity 8f and R, by

the cosine of the angle between the vectgrandr, (Turney & Littman 2003a).
We create a vector, to characterize the relationship between two woxdand

Y, by counting the frequencies of 128 different short phrasesainingx andy.
Phrases includeX for Y”, “Y with X", “ X in theY”, and “Y on X”. We use these
phrases as queries to AltaVista and record the number ofthiassching web
pages) for each query. This process yields a vector of 12&metsrior a pair of
wordsX andY. The resulting vector is a kind ofsignatureof the relationship
betweenx andy.

Thesaurus paths. Another way to characterize the semantic relationship,
R, between two wordsK andY, is to find a path through a thesaurus or dictio-
nary that connectX to Y or Y to X. In our experiments, we used the WordNet
thesaurus (Fellbaum 1998). We view WordNet as a directguhgaad the The-
saurus Paths module performed a breadth-first search fos fratm X to Y or
Y to X. For a given pair of wordsX andY, the module considers all shortest
paths in either direction up to three links. It scores thedadate analogy by the
maximum degree of similarity between any path4candB and any path foC
andD. The degree of similarity between paths is measured by theirber of
shared features.

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

Similarity. Dictionaries are a natural source to use for solving anatgi
because definitions can express many possible relaticnhginig are likely to
make the relationships more explicit than they would be imegal text. We em-
ployed two definition similarity modulesSimilarity: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 defimit®iven 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 wogls(dD).

4.2 Results

We ran the 13 modules described above on our set of trainidgesting anal-
ogy instances, with the results appearing in Table 3 (thdywrule was used
to set weights for computing individual module mean likeblds). For the most
part, individual module accuracy is near chance level (208ihough this is
misleading because most of these modules only return asgarea small sub-
set of instances. Some modules did not answer a single gnesti the test
set. The most accurate individual module was the searcinefigsed Phrase
Vectors (PV) module. The results of merging all modules way a slight im-
provement over PV alone, so we examined the effect of retgiwithout the
PV module. The product rule resulted in a large improvemioigh not statis-
tically significant) over the best remaining individual nubel (37.0% vs. 29.4%
for Similarity:wordsmyth).

We once again examined the result of deductifigj point for each wrong
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answer. The full set of modules scored 31, 33, and 43 usingntkiure, log-
arithmic, and product rules. As in the synonym problems |élgarithmic and
product rules assigned probabilities more precisely. ilmdase, the product rule
appears to have a major advantage.

5 Conclusion

We applied three trained merging rules to a set of multipleice problems and
found all were able to produce state-of-the-art perforreamit a standardized
synonym task by combining four less accurate modules. Atjhall three rules
produced comparable accuracy, the popular mixture rulewasistently weaker
than the logarithmic and product rules at assigning higtbabdities to correct
answers. We provided first results on a challenging verballogy task with a
set of novel modules that use both lexical databases anstisgtinformation.
In nearly all the tests that we ran, the logarithmic rule androvel product
rule behaved similarly, with a hint of an advantage for tradpict rule. One point
in favor of the logarithmic rule is that it has been betted#d so its theoretical
properties are better understood. It also is able to “simérpebability distri-
butions, which the product rule cannot do without removimgapper bound on
weights. On the other hand, the product rule is simpler, @escmuch more
rapidly, and is more robust in the face of modules returnieig probabilities.
We feel the strong showing of the product rule proves it wpdhfurther study.
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Abstract
We have implemented a system that measures semantic #iynilaing
a computerized 198Roget’s Thesaurysand evaluated it by performing a
few typical tests. We compare the results of these teststidtte produced
by WordNetbased similarity measures. One of the benchmarks is Miller
& Charles’ list of 30 noun pairs that human judges had ratedifailarity.
We correlate these ratings with those computed by sewemlsystems.
The 30 pairs can be traced back to Rubenstein & Goodenou§hmis
that we have also studied. ORioget'sbased system gets correlations of
.878 for the smaller and .818 for the larger list of noun paiée further
evaluate our measure by usiRpget'sand WordNetto answerTOEFL,
ESLandReader’s Digestuestions: the correct synonym must be selected
amongst a group of four words. Our system gets right 78.752608%6 and
74.33% of the questions respectively.

1 Introduction

People identify synonyms — strictly speaking, near-symosiyEdmonds & Hirst
2002) — such asngel-cherubwithout being able to define synonymy prop-
erly. The term tends to be used loosely, even in the crucégitypnymy-oriented
WordNetwith the synset as the basic semantic unit (Fellbaum 1998\2iBer &
Charles (1991) restate a formal, and linguistically quitgcicurate, definition of
synonymy usually attributed to Leibniz: “two words are stwicde synonyms if
one can be used in a statement in place of the other withongaihgthe meaning
of the statement”. With this strict definition there may bepsofect synonyms
in natural language (Edmonds & Hirdijd.). ForNLP systems it is often more
useful to establish the degree of synonymybetween two waoedsrred to as
semantic similarity

Miller & Charles’ semantic similarity is a continuous vasla that describes
the degree of synonymy between two worithéd.). They argue that native speak-
ers can order pairs of words by semantic similarity, for epknship—vessel
ship—watercraftship-riverboatship—sail ship—housgship—dogship—sun The
concept can be usefully extended to quantify relations betwion-synonymous
but closely related words, such aisplane—wing

L A longer version appeared in the Proceedings of the Intienmalt Conference on Recent
Advances in Natural Language Processing, Sept. 2003, 232Bbrovets, Bulgaria.
2 Currently at the National Research Council of Canada.
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Rubenstein & Goodenough (1965) investigated the validitthe assumption
that “... pairs of words which have many contexts in commansamantically
closely related”. With the help of human experts, they dighéd synonymy
judgmentdor 65 noun pairs. Miller & Charleslfid.) selected 30 of those pairs,
and studied semantic similarity as a function of the comsteéxtvhich words are
used. Others have calculated similarity using semanti (idda et al. 1989),
in particularWordNet(Resnik 1995, Jiang & Conrath 1997, Lin 1998, Hirst &
St-Onge 1998, Leacock & Chodorow 1998) aRdget's ThesaurugMicHale
1998), or statistical methods (Landauer & Dumais 1997, &u2001, Turney et
al. 2003).

We set out to test the intuition th&oget's Thesaurysometimes treated
as a book of synonyms,allows us to measure semantic sityiéféectively. We
demonstrate some &oget'squalities that make it a realistic alternativeéird-
Net, in particular for the task of measuring semantic simijariiVe propose a
measure ofemantic distancehe inverse of semantic similarity (Budanitsky &
Hirst 2001) based oRoget'staxonomy. We convert it into a semantic similarity
measure, and empirically compare to human judgments ainb$e DNLP sys-
tems. We consider the tasks of assigning a similarity vadymatrs of nouns and
choosing the correct synonym of a problem word given theaghof four target
words. We explain in detail the measures and the experimantsdraw a few
conclusions.

2 Roget’s Thesauruselations as a measure of semantic distance

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

Roget's Thesaurusas many advantages. It is based on a well-constructed
concept classification, and its entries were written by gssional lexicogra-
phers. It contains around 250,000 words compar&tidalNet'salmost 200,000.
Roget'sdoes not have some @ordNet'sshortcomings, such as the lack of links
between parts of speech and the absence of topical groupitgsclusters of
closely related words are obviously not the same in bothuress. WordNet
relies on a set of about 15 semantic relations. Search inekisal database
requires a word and a semantic relation; for every word sdme rfever all)
of 15 relations can be used in search. It is impossible toemgpa relationship
that involves more than one of the 15 relations: it cannottbreed inWordNet
The Thesaurugan link the nourbank the business that provides financial ser-
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vices, and the verlmvest to give money to a bank to get a profit, as used in the
following sentences, by placing them in a common heg4dlLending

(1) Mary went to thébankyesterday.

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

This type of connection cannot be described usMggdNet'ssemantic relations.
While an English speaker can identify a relation not proglidg WordNet for
example that one invests money in a bank, this is not suffié@ruse in com-
puter systems.

We used a computerized version of the 1987 edition of PefgyRoget’s
Thesaurus of English Words and Phragéarmasz & Szpakowicz 2001) to cal-
culate the semantic distancRoget’'sstructure allows an easy implementation
of edge counting. Given two words, we look up in the indexrtheferences
that point into theThesaurusNext, we find all paths between referencefRim
get'staxonomy. On another versionBbget’s McHale (1998) showed that edge
counting is a good semantic distance measure.

Eight Classes head this taxonomy. The first thAdestract RelationsSpace
andMatter, cover the external world. The remaining onEstmation of ideas
Communication of ideas$ndividual volition, Social volition Emotion Religion
and Morality deal with the internal world of human beings. A pathRoget's
ontology always begins with one of the Classes. It branahesa¢ of the 39 Sec-
tions, then to one of the 79 Sub-Sections, then to one of thédedd Groups and
finally to one of the 990 Heads. Each Head is divided into paftys grouped
by parts of speech: nouns, adjectives, verbs and advenhally=a paragraph is
divided into semicolon groups of semantically closely tedawords. Jarmasz &
Szpakowiczipid.) give a detailed account &oget’sstructure.

The distance equals the number of edges in the shortest Bath.lengths
vary from O to 16. Shorter paths mean more closely relatedisvand phrases.
As an example, th®oget'sdistance betweefeline andlynx is 2. The word
feline has these references:

(1) animal 365 ADJ

(2) cat365N
(3) cunning 698 ADJ
The wordlynx has these references:
(1) cat 365N
(2) eye 438 N
The shortest and longest path afeig the top of the taxonomy):
e feline— cat <+ lynx (the same paragraph)

e 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 patigta from the maximal
path length (Resnik 1995):

sim (wy, wo) = 16 - [min distance(, r3)] (2)
wherer, ro are the sets of references for the words or phrases,.

3 Evaluation based on human judgment

3.1 Thedata

Rubenstein & Goodenough (1965) establisegdonymy judgmentsr 65 pairs
of nouns. They invited 51 judges who assigned to every paioeesetween 4.0
and 0.0 indicating semantic similarity. They chose wordsfnon-technical ev-
ery day English. They felt that, since the phenomenon undestigation was a
general property of language, it was not necessary to saatiytcal vocabulary.
Miller & Charles (1991) repeated the experiment restrigtihemselves to 30
pairs of nouns selected from Rubenstein & Goodenough’sdigided equally
amongst words with high, intermediate and low similarity.

We repeated both experiments using Reget's Thesaurusystem. We de-
cided to compare our results to six other similarity meastiat rely onword-
Net Pedersen8VordNet::Similarity Perl Modul¢2003) was applied té/ordNet
1.7.1 The firstWordNetmeasure used is edge counting. It serves as a baseline,
as it is the simplest and most intuitive measure. The nexsoreafrom Hirst
& St-Onge (1998), relies on the path length as well as the murobchanges of
direction in the path; these changes are defined in funcfiddosdNetsemantic
relations. Jiang & Conrath (1997) propose a combined apprbased on edge
counting enhanced by the node-based approach of the infiormtantent calcu-
lation proposed by Resnik (1995). Leacock & Chodorow (192f)nt the path
length in nodes rather than links, and adjust it to take istmant the maximum
depth of the taxonomy. Lin (1998) calculates semantic sirityl using a for-
mula derived from information theory. Resnik (1995) ca#teas the information
content of the concepts that subsume them in the taxonomy.

We calculate the Pearson product-moment correlation cesffi between
the human judgments and the values achieved by the systérasofrelation is
significant at the 0.01 level. Tabfes and 2 contain the results.

3.2 The results

We first analyze the results obtained usRgget's The Miller & Charles data
in Table 1 show that pairs of words with a score of 16 have hiigfilarity, those
with a score of 12-14 have intermediate similarity, and ¢heith a score below
10 are of low similarity. This is intuitively correct, as wis or phrases that are

! The abbreviations used in the tables stand for: Miller & G¥agvc), Rubenstein & Goode-
nough RG), Penguin'sRoget’s(RT), WordNetEdges (N), Hirst & St. Onge fs0), Jiang &
Conrath §cN), Leacock & Chodorowl(CH), 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 01.06.340
gem—jewel 3.840 16.000 30.000 16.000 1.000 3.466 1.0008@&2.8
journey—voyage 3.840 16.000 29.000 4.000 0.169 2.773 0.66957
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 0.971748.9

asylum-madhouse  3.610 16.000 29.000 4.000 0.662 2.7738 0147277
magician—wizard 3.500 14.000 30.000 16.000 1.000 3.466001.09.708

midday—noon 3.420 16.000 30.000 16.000 1.000 3.466 1.00(840
furnace—stove 3.110 14.000 23.000 5.000 0.060 1.386 0.238262
food—fruit 3.080 12.000 23.000 0.000 0.088 1.386 0.119 9.69
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 05.98
tool-implement 2.950 16.000 29.000 4.000 0.546 2.773 0.98398
brother—-monk 2.820 14.000 29.000 4.000 0.294 2.773 0.894820
lad—brother 1.660 14.000 26.000 3.000 0.071 1.856 0.273552.4
crane—implement 1.680 0.000 26.000 3.000 0.086 1.856 0.33443
journey—car 1.160 12.000 17.000 0.000 0.075 0.827 0.000000.0
monk—oracle 1.100 12.000 23.000 0.000 0.058 1.386 0.233552.4
cemetery—woodland 0.950 6.000 21.000 0.000 0.049 1.163%70.00.699
food-rooster 0.890 6.000 17.000 0.000 0.063 0.827 0.086 990.6
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 70.06.699
shore—woodland 0.630 2.000 25.000 2.000 0.056 1.674 0.124831

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 0.121831.1
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 82.88
glass—magician 0.110 2.000 23.000 0.000 0.056 1.386 0.123831
rooster—-voyage 0.080 2.000 11.000 0.000 0.044 0.470 0.000000
noon-string 0.080 6.000 19.000 0.000 0.052 0.981 0.000 00.00
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 & Charlesalat

in the same semicolon group will have a similarity score of th@se that are
in the same paragraph, part-of-speech or Head will have @ sifol0 to 14,
and words that cannot be found in the same Head, thereforetdoefong to
the same concept, will have a score between 0 anldd@jet’sresults correlate
very well with human judgment for the Miller & Charles list & .878), almost
attaining the upper bound & .885) set by human judges (Reshik 1995) despite

the outliercrane—implementtwo words that have nothing in common in the
Thesaurus

The correlation between human judges &whet'sfor the Rubenstein &
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Goodenough data is also very goad=£ .818) as shown in Table 2. Although
we do not present the 65 pairs of words in the list, the outineerit discussion.
Roget'sdeems five pairs of low similarity words to be of intermedisitailarity
— all with the semantic distance 12. These pairs of words lageefore all
found in the same Head and belong to noun groups.Rdget'sassociations are
correct but not the most intuitivegflass—jewels assigned a value of 1.78 by the
human judges but can be found under the H&&tlOrnamentationcar—journey
is assigned 1.55 and is found under the H2&d@ Land trave] monk-oracle
0.91 found under Hea®86 Clergy, boy—rooste0.44 under Hea872Male, and
fruit—furnace0.05 under Hea801 Food: 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 (bid.) argues that edge counting us@rdNet1.4 is not a good mea-
sure of semantic similarity as it relies on the notion thakdi in the taxonomy
represent uniform distances. Tables 1 and 2 show that thésune performs
well for WordNetl.7.1 . This could be explained by the substantial improvegme
in WordNet, including more uniform distances between words.

4 Evaluation based on synonymy problems

4.1 The data

Another method of evaluating semantic similarity metriesd see how well a
computer system can score on a standardized synonym tesh t&sts have
questions where the correct synonym is one of four posshmées. This type
of questions can be found in the Test of English as a Foreigigliage TOEFL]
(Landauer & Dumais 1997) and English as a Second Languaigdess] (Tur-
ney 2001), as well as the Reader’s Digest Word Power Gap/p| (Lewis
2000-2001). Although this evaluation method is not wideagrin Computa-
tional Linguistics, it has been used in Psychology (Land&®umais, ibid.)
and Machine Learning (Turneipid.). In this experiment we use 8®EeFL, 50
EsL and 300RDWP questions.

A RDWP question is presented like this: “Check the word or phrasebs
lieve is nearest in meaningde - A: heavy debtB: poem.c: sweet smell.D:
surprise.” (Lewis 2001, n. 938). Our system calculates #rmaasntic distance
between the problem word and each choice word or phrase. Adieecword
with the shortest semantic distance becomes the solutitiwo$ing the word
or phrase that has the most paths with the shortest distaaakdties. Phrases
not found in theThesaurugpresent a special problem. We calculate the distance
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between each word in the choice phrase and the problem werd:onjunction
and, the prepositiorio, the verbbe are ignored. The shortest distance between
the individual words and the problem word is considered as#mantic distance
for the phrase. This technique, although simplistic, lstdeal with phrases like
rise and fall to urgeandbe joyoughat may not be found in thEhesauruss pre-
sented. ThdRoget'ssystem is not restricted to nouns when finding the shortest
path — nouns, adjectives, verbs and adverbs are all coesider

We put theWordNetsemantic similarity measures to the same task of an-
swering the synonymy questions. The purpose of our expetinvas not to
improve the measures, but to use them as a comparison f&dtet'ssystem.

We choose as the answer the choice word that has the largestge similarity
value with the problem word. When ties occur, a partial st®ggven; .5 if two
words are tied for the highest similarity value, .33 if thraad .25 if four. The
results appear in Table 3. We did not tailor tMerdNetmeasures to the task of
answering these questions. All of them, except Hirst & Sg&mely on thes-A
hierarchy to calculate the path between words. The meabaxesbeen limited
to finding similarities between nouns, as WerdNethyponym tree only exists
for nouns and verbs; there are hardly any links between paggeech. We did
not implement any special techniques to deal with phrades.therefore quite
probable that the similarity measures can be improved fotdkk of answering
synonymy guestions.

We also compare our results to those achieved by statesedittistatistical
techniques. Latent Semantic Analysisf] is a general theory of acquired sim-
ilarity and knowledge representation (Landauer & Dumai87)9 It was used
to answer the 8@ OEFL questions. Another algorithm, calledai-IR (Turney
2001), uses Pointwise Mutual InformatiorM1] and Information RetrievaliR]
to measure the similarity of pairs of words. It has been eateldiusing theoEFL
andesL questions. Turney et al. (2003) combine four statisticahoas, includ-
ing LSA andPMI-IR, to measure semantic similarity and evaluate it on the same
80 questions.

4.2 The results

The Roget’'s Thesaurusystem answers 78.75% of th®EFL questions (Ta-
ble 3). The two next best systems are Hirst & St-Ongerandir, which answer
77.91% and 73.75% of the questions respectivedy is not too far behind, with
64.38%. Turney et alilfid.) obtain a score of 97.50% using their combined ap-
proach. They further declare the problem of thisefrL set to be “solved”. All
the otheMVordNetbased measures perform poorly, with accuracy not SUmassi
25.0%. According to Landauer & Dumaibid.), a large sample of applicants to
us colleges from non-English speaking countries tooktbeFL tests contain-
ing these items. Those people averaged 64.5%, consideaatkgnate score for
admission to manys universities.
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RT WN HSO JCN LCH LIN RES PMiIR LSA
TOEFL 78.75 21.88 7791 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 2283 2311 22.06 21.33

Table 3:Percentage of correct answers for synonymy problems

The ESL experiment (Table 3) presents similar results. Once agfagrRoget’s
system is best, answering 82% of the questions correctlye tho next best
systemspMmiI-IR and Hirst & St-Onge fall behind, with scores of 74% and 62%
respectively. All otheiordNetmeasures give very poor results, not answering
more than 36% of the questions. TReget'ssimilarity measure is clearly su-
perior to theWordNetones for theRbwP questions (Table 3)Roget'sanswers
74.33% of the questions, which is almost equal tG@od vocabulary rating
according to Reader’s Digest (Lewis 2000-2001), where thd bestWordNet
measure, Hirst & St-Onge, answers only 45.65% correctly. oflers do not
surpass 25%.

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

5 Discussion

We have shown in this paper that the electronic version o1 88 Penguin Ro-
get's Thesaurus as good as, if not better thanprdNetfor measuring semantic
similarity. The distance measure used, often called edgatow, can be cal-
culated quickly and performs extremely well on a series afidgard synonymy
tests.Out of 5 experimentRoget’sis better thanVordNetevery time except on
the Rubenstein & Goodenough list of 65 noun pairs.

TheRoget’'s Thesaurusmilarity measures correlate well with human judges,
and perform similarly to th&VordNetbased measureRoget’sshines at answer-
ing standard synonym tests.This result was expected, ains impressive:
the semantic distance measure is extremely simple and riextas taken into
account, and no word sense disambiguation is performed whswering the
guestions. Standardized language tests appear quiteihielpialuating ofNLP
systems, as they focus on specific linguistic phenomenaféerdam inexpensive
alternative to human evaluation.

Most of theWordNetbased systems perform poorly at the task of answering
synonym questions. This is due in part to the fact that thdaiity measures can
only by calculated between nouns, because they rely onénarbhical structure
that is almost only present for nouns\ivordNet The systems also suffer from
not being able to deal with many phrases.

The semantic similarity measures can be applied to a vaofeysks. Lexi-
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cal chains (Morris & Hirst, 1991) are sequences of words exathat represent
the same topic. Links between significant words can be ésteal using sim-
ilarity measures. Many implementations of lexical chairst including one
using our electroni®koget's(Jarmasz & Szpakowicz, 2003). A semantic simi-
larity measure can be used to define the relations betweatswoa chain. Our
lexical chain building process builds proto-chains, a $etards linked via these
relations. Our implementation refines the proto-chaindtaio the final lexical
chains.

Turney (2001) has used his semantic similarity metric tesifg automobile
and movie reviews as well as to answer analogy problems €éjughal. 2003).
In an analogy problem, the correct pair of words must be ahaseongst four
pairs, for examplecat:meow(a) mouse:scampeli(b) bird:peck (c) dog:bark
(d) horse:groom (e) lion:scratch To correctly answedog:bark a system must
know that ameowis the sound that aat makes and &ark the sound that a
dogmakes. Both of these applications can be implemented witlvengion of
Roget's Thesaurus
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Clustering WordNet Word Senses
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Abstract

This paper presents the results of a set of methods to cNtetNet word
senses. The methods rely on different information sourcesfusion ma-
trixes from Senseval-2 Word Sense Disambiguation systérasslation
similarities, hand-tagged examples of the target wordeseasd examples
obtained automatically from the web for the target word een3he clus-
tering results have been evaluated using the coarse-grained senses
provided for the lexical sample in Senseval-2. We have usietbCa
general clustering environment, in order to test differeostering algo-
rithms. The best results are obtained for the automaticditgined exam-
ples, yielding purity values up to 84% on average over 20 aoun

1 Introduction

WordNet (Miller et al. 1994) is one of the most widely usedida resources
for Natural Language Processing. Among other informaiigorovides a list of
word senses for each word, and has been used in many Word Bisasebigua-
tion (wsbD) systems as the sense inventory of choice. In particulaastiieen
used as the sense inventory for the Senseval-2 Englishdlesamplewsb ex-
ercisé (Edmonds & Cotton 2001).

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

There is considerable literature on what makes word senst@sad, but there
is no general consensus on which criteria should be followBedne approaches
use an abstraction hierarchy as those found in dictiondKégarriff 1998),
others utilize syntactic patterns such as predicate-aegtistructure of verbs
(Palmer et al. submitted), and others study the word semegs the point of
view of systematic polysemy (Peters et al. 1998, Tomuro 20Bdbom a practi-
cal point of view, the need to make two senses distinct witleael on the target
application.

This paper proposes a set of automatic methods to hierathauster the
word senses in WordNet. The clustering methods that we exainithis paper
are based on the following information sources:

! In the rest of the paper, the Senseval-2 English lexical saexercise will be referred to in
short as Senseval-2.
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(1) Similarity matrix for word senses based on ttenfusion matrix of all
systems that participated in Senseval-2 (cf. Section 5).

(2) Similarity matrix for word senses produced by (Chugur &nZalo 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 directin f6enseval-2
(hand tagged data), or automatically retrieving them ugvogdNet infor-
mation to construct queries over the web (cf. Section 2).

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

In order to construct the hierarchical clusters we have @etb (Karypis 2001),
a general clustering environment that has been succgsafgl in Information
Retrieval and Text Categorization. The input to the alfponitcan be either a
similarity matrix for the word senses of each target worch@toucted based on
confusion matrixes, translation equivalences, or togioaiures, as mentioned
above), or the context of occurrence of each word sense ifotheof a vector.
Different weighting and clustering schemes were tried $&fction 4).

The paper is organized as follows. Sections 2 and 3 explaimigthods to
construct the corpus of word sense examples from the webhenibpic signa-
tures, respectively. Section 4 presents the clusteringamwent. Sections 5
through 8 present each of the methods to cluster word seBisetson 9 presents
the results of the experiment. Finally, Section 11 drawstheclusions and fu-
ture work. This paper is a reduced version of (Agirre & Lopez.dcalle, 2003),
where more examples and a section of related work is pregsente

2 Retrieving examples for word senses from the Web

Corpora where the occurrences of word senses have been ligdagged are

a scarce resource. Semcor (Miller et al. 1994) is the lafeslf and currently
comprises 409,990 word forms. All 190,481 open-class wirdse corpus are
tagged with word senses. Still, it has a low number of examfileeach word
sense. The worlar, for instance, has 6 word senses, but only 21 occurrences in
Semcor.

Other tagged corpora are based on a limited sample of woatsngtance,
the Senseval-2 corpus comprises 5,266 hand-tagged exafopla set of 29
nouns, yielding an average of 181.3 examples per word. lticpéar, bar has
455 occurrences.

The scarcity of hand-tagged data is the acquisition batikrof supervised
WsD systems. As an alternative, different methods to build gamfor word
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senses have been proposed in the literature (Leacock €338; Agirre et al.
2000, 2001). The methods usually rely on information in Wet(lexical re-
lations such as synonymy and hypernymy, or words in the jlioserder to
retrieve examples from large corpora or the web. The retdexamples might
not contain the target word, but they contain a word thataseally related to the
target word sense.

In this work, we have followed the monosemous relatives oubtlas pro-
posed in (Leacock et al. 1998). This method uses monosenyoesiEMs or
hyponyms to construct the queries. For instance, the firgesefchannelin
Figure 1 has a monosemous synonytmarismission channé&l All the occur-
rences of transmission chann&ln any corpus can be taken to refer to the first
sense of channel. In our case we have used the following Kirelations in or-
der to get the monosemous relatives: hypernyms, directraticett hyponyms,
and siblings. The advantages of this method is that it is kmip does not
need error-prone analysis of the glosses and it can be usethwguages where
glosses are not available in their respective WordNets.

Googlé& was used to retrieve the occurrences of the monosemouiveslat
In order to avoid retrieving full documents (which is timensoming) we take
the context from the snippets returned by Google. Agirrd.g2@01) showed
that topic signatures built from sentence context were rnpoeeise than those
built from full document context.

The snippets returned by Google (up to 1,000 per query) areepsed, and
we try to extract sentences (or fragments of sentencespioimg the search
term from the snippets. The sentence (or fragment) is manketiree dots in
the snippets. Some of the potential sentences are dis¢acksatding to the fol-
lowing heuristics: length shorter than 6 words, the numlb@&on-alphanumeric
characters is greater than the number of words divided bydwitne number of
words in uppercase is greater than those in lowercase.

3 Constructing topic signatures

Topic signatures try to associate a topical vector to eagd sense. The dimen-
sions of these topical vectors are the words in the vocagidad the weights try
to capture which are the words closer to the target word sdnsather words,
each word sense is associated with a set of related wordsigstitiated weights.

We can build such lists from a sense-tagged corpora justrabhgewhich
words co-occur distinctively with each sense, or we candrgdsociate a num-
ber of documents from existing corpora to each sense andattagize 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 fell)WVe first orga-
nize the documents in collections, one collection per weirtss, directly using
sense-tagged corpora (e.g., Senseval-2), or exploitemgnformation in Word-
Net to build queries and search the web (see section 2). rEitle we get one
document collection per word sense. (ii) For each colleotie extract the words
and their frequencies, and compare them with the data indlfections pertain-
ing to the other word senses usigg. (iii) The words that have a distinctive
frequency for one of the collections are collected in a Widtich constitutes the
topic signature for the respective word sense. (iv) Thectsminatures for the
word senses are filtered with the cooccurrence list of thgetaword taken from
balanced corpora such as the BNC. This last step takes owt sama and low
frequency words from the topic signatures.

Topic signaturesgor words have been successfully used in summarization
tasks (Lin and Hovy 2000). Agirre et al. (2000, 2001) show this possible to
obtain good quality topic signaturésr word sensesThe topic signatures built
in this work can be directly examined lirttp://ixa.si.ehu.es/Ixa/res-
OUI'CES/SEHSECOI'pUS

4 The Cluto clustering environment

Cluto is a freely available clustering environment thatlb@sn successfully used
in Information Retrieval and Text Categorization (Karyp@91, Zhao & Karypis
2001). The input to the algorithm can be either a similarigtnix for the word
senses of each target word (constructed based on confusimix@s, translation
equivalences, or topic signatures, as mentioned abové&)earontext of occur-
rence of each word sense in the form of a vector.

In the case of the similarity matrixes the default settinggehbeen tried, as
there were only limited possibilities. In the case of usifgctly the contexts
of occurrences, different weighting schemes (plain fregies, tf.idf), similarity
functions (cosine, correlation coefficient) and clustgrianctions (repeated bi-
section, optimized repeated bisection, direct, nearaghber graph, agglomer-
ative, agglomerative combined with repeated bisectiong¢ een tried (Karypis
2001).

5 Clustering using WSD system confusion matrixes

Given the freely available output of tesD systems that participated in Senseval-
2 (Edmonds & Cotton, 2001), one can construct a confusionixifat each pair

of word senses, constructed as follows: (i) For each pair@tieensesa, b),

we record the number of times that eagBD system yields: whenbis the cor-
rect word sense in the gold standard. (ii) This number isdéidiby the number
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channel | signals passage groove water comms body tv y
signals - 0.18 0.04 0.05 0.06 0.29 1.01 - signals
passage - 0.52 030 0.26 0.27 1.05 1_‘ v
groove - 065 0.20 0.02 0.66 L ody
water - 0.04 0.03 0.00 L passage
comms - 045 064 omms
body - 055 T
v ~ | = yoove
L water

Figure 1:Similarity matrix and resulting hierarchical clusters leson
Senseval-2 topic signatures. Entropy: 0.286, Purity: @.71

of occurrences of word sense b and the number of systems.

The rationale is that when the systems confuse two word sesfsen, we
can interpret that the context of the two word senses is aimifor instance, if
sensaz is returned instead of senéalways for all systems, the similarity of
to b will be 1. If the two senses are never confused, then theitlaiity would
be 0. Note that the similarity matrix is not symmetric.

6 Clustering using translation similarities

Chugur & Gonzalo (2002) constructed similarity matrixes$enseval-2 words
usingtranslation equivalencesn 4 languages, a method proposed by Resnik &
Yarowsky (2000). Two word senses are deemed similar if theyoéten trans-
lated with the same word in a given context. More than oneuagg is used to
cover as many word sense distinctions as possible. ChuguGanzalo kindly
provided their similarity matrixes, and we run Cluto difgain them.

7 Clustering using word sense examples

Clustering of word senses can be cast as a document-chgsdblem, pro-
vided each word sense has a pseudo-document associatetl Witis pseudo-
document is built combining all occurrences of the targetdasense (e.g., fol-
lowing the methods in Section 2). Once we have such a pseodartent for
each word sense, we can cluster those documents with theteshbiaiques, and
the output will be clusters of the word senses.

We have used two sources to build the pseudo-documents.edmthhand
we have used Senseval 2, using the sentence context onlyheOather hand
we have used the examples collected from the web, as exglaingection 2.
Table 1 shows, among other information, the number of exasglailable for
each of the words considered. A range of clustering parasetas tried on
these sets of examples, as explained on Section 4.
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noun #s #c #sval #web pyrnoun #s #c #sval #web pur
art 4 2 275 23391 0.750 fatigue 4 3 116 8596 1.000
authority 7 4 262 108560 0.57ffeeling 6 4 153 14569 1.000
bar 13 10 360 75792 0.76Phearth 3 2 93 10813 0.667
bum 4 3 115 25655 1.00p 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 0.7l4nature 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 0.833restraint 6 4 134 49905 0.667
day 9 5 427 223899 1.00psense 5 4 158 13688 0.800
facility 5 2 172 17878 1.00Q stress 5 3 112 14528 0.800

Table 1:List of nouns processed in this study. The columns show tinberof

senses (#s), number of clusters in the gold standard (#o)beu of examples in

Senseval-2 (#sval), number of examples retrieved from ¢fe(#wveb), and best
purity value obtained for each word (pur)

8 Clustering using topic signhatures

Topic signatures have been constructed for the Sensevalrisngsing two sets
of examples as in the previous section: the Senseval 2 lzygd data, and
the automatically retrieved sense examples. Once the sapiatures were con-
structed the similarity matrix was built using the cosinesasilarity function
among topic signatures. Figure 1 shows the similarity mdn channel based
on topic signatures, and the resulting hierarchical ctuste

9 Experiments

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

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

The quality of a clustering solution was measured using tifferént metrics
that looked at the gold-standard labels of the word senségeesl to each cluster
(Zhao & Karypis 2001). In order to better explain the metrige will call the
gold-standard sense grouglsssesas opposed to the clusters returned by the
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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 hmeds

methods. The first metric is the widely usedtropy measure that looks are
how the various classes of word senses are distributedngich cluster, and
the second measure is tharity that measures the extent to which each cluster
contained word senses from primarily one class. A perfagiteling solution
will be the one that leads to clusters that contain word sefreen only a single
class, in which case the entropy will be zero. In generalsthaller the entropy
values, the better the clustering solution is. The puritprd cluster is defined
to be the fraction of the overall cluster size that the largksss of word senses
assigned to that cluster represents. The overall purith@ftustering solution
is obtained as a weighted sum of the individual cluster @mitin general, the
larger the values of purity, the better the clustering sofuts. Evaluation of
clustering solutions is not easy, and usually both measuseprovided.

As a baseline we built a random baseline, which was compuwerhging
among 100 random clustering solutions for each word. Eac$teling solution
was built assigning a cluster to each word sense at random.

Table 2 shows the results in the form of average entropy antygar each
of the clustering methods used. The first line shows the te$ad the random
baseline. For the confusion matrix and multilingual matigingle solution is
shown. In the case of clustering directly over the examplespest and worst
clustering results are shown for all the combinations ofpeaters that were
tried. Space limits prevent us from showing all combinagioBifferent results
are shown depending on whether the examples were taken femse®al-2 or
from the web examples. Finally, the results over the togioaiures are shown,
with different lines depending on the source of the examples

According to the results, automatically obtained examplesed the best :
the optimal combination of clustering parameters gets #st tesults, and the
worst parameter setting gets the third best results. Thuteireatically retrieved
examples from the Web are the best source for replicatingdhestandard from
the alternatives studied in this paper.
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If we compare the Web results with the Senseval-2 resultscfwdiccording to
the quality of the hand-tagged data should be better) wehsg¢direct clustering
on the examples yields very bad results for Senseval-2ybelodom for worst
parameter setting). Topic signatures on Senseval-2 dathgacontrary, provide
the second best results. We think that the main differentedmn Senseval-2
and Web data is the amount of data (cf. table 1). It seemsdbpat signatures
provide useful clusters when little data is available, wiiirect clustering is best
for large amounts of data.

We want to note that the random baseline is quite high. #t#d,reduction
of error for the best result (measured according to purgtpfi35%, i.e., error is
reduced from 0.252 to 0.16. We want to note that relatechlitee seldom cite
random baselines for clustering problems.

10 Conclusions and future work

This paper has presented the results of a set of methodssterc\WordNet word
senses. The methods rely on different information sourcesfusion matrixes
from Senseval-2 systems, translation similarities, h@ggied examples of the
target word senses and examples obtained automaticaity thhe web for the
target word senses. The clustering results have been &dlusing the coarse-
grained word senses provided for the lexical sample in Sah® We have
used Cluto, a general clustering environment, in ordergbdiéferent clustering
algorithms. An extended version of this paper (Agirre & Lople Lacalle, 2003)
shows more examples, and a full section on related work.

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

We are currently acquiring 1,000 snippets from Google feheaonosemous
noun in WordNet. The total amount of monosemous nouns iniorerk.6 is
90,645 and we have currently acquired examples for 98% af tide examples
take nearly 16 Gigabytes. We plan to provide word sensearsisf comparable
quality for all nouns in WordNet soén

We also plan to perform a task based evaluation, using tmarbhgcal clus-
ters to guide avsD algorithm, and to further investigate the relation of the-pr
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 beended by the European
Commision (project MEANING IST-2001-34460) and the MCYTrdqject HERMES
2000-0335-C03-03).

3 Checkhttp://ixa.si.ehu.es/Ixa/resources/sensecorpus
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Abstract
Defining link types and writing linking rules for automatiggerlinking
methods may be a cumbersome activity due to the large nunflygrse
sibilities. In this paper, we tackle this issue proposing @ei for auto-
matically extracting link types and, as a consequenceijnignkules from
large text collections. The novel idea is to exploit relatiaamong facts
expressed within domain documents.

1 Introduction

Hyperlinked text collections are often seen as an addeckvaldn-line news
agencies, for instance, tend to offer this service to thestamers. But, tracing
hyperlinks between documents is an inherently difficulktass the process of
writing, it involves the ability of finding relations among@ucepts or facts. It is
not surprising that the inter-agreement among annotamesry low even if they
are only asked to produce links between “related texts” Ebe et al. 1994).
The disagreement is even bigger if the tagert is to relatemeats with typed
links. Link types as “cause-effect” relations may help itefiing out irrelevant
information as final users may better decide if it is worthynot to traverse
provided links.

In Basili et al. (2003), we proposed a hyper-linking methaddd on In-
formation Extraction techniques conceived to connect dass with typed re-
lations. Linking among documents is based on an intermedegiresentation,
called the “objective representation”. This document agate contains only
events judged relevant according to an underlying domaowkedge-base. On
the basis of rules firing on the event classes, a link is jest#iccording to events
(and the involved entities) appearing in the two documeiitse model offers
a language over which specific linking rules may be manuatitten building
on the supported event classes. However, the activity ohidefiink types and
writing the related linking rules may not be an easy task igaihen a large
number of fact classes is foreseen.

In this paper, we want to tackle this last issue by proposingpdel for the
automatic definition of link types and the related linkingegiin the context of a
rule-based hyper-linking method. The basic assumption akens the one we
started with:the activity of building hypertexts is very similar to theopess of
writing. Therefore, the novel idea is to exploit the relations amfacts as they
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appear inside domain documents for inducing hyperlinkirigs. In our opin-
ion, typical discourse structures of domain documents aligable resources for
defining relevant relation types and the related linkingsulTrusting on such an
assumption we propose a light discourse model able to iafprlarities in docu-
ments belonging to a collection. Co-occurrences of eversses will be used to
derive link types and linking rules. As the exploration of ffroposed model de-
mands for a linguistic analysis of texts applied over lang@ant of data, we re-
fer to assessed language processing technologies. Treere® build on robust
methods for processing natural language (i.e., a robusasjo parser (Basili &
Zanzotto 2002) and a shallow knowledge-based method fomarsic analysis
such as in Humphreys et al. (1998)) and on well assessedtg@timeasures
(i.e., the mutual information). It is worth noticing thatsights borrowed from
the Discourse Analysis theory have also fashioned the tiefinof “generic”
link types such agevision associationandaggregation(Parunak 1991).

To better explain our model for deriving hyper-linking rsjeve will firstly
summarize the rule-based approach to hyper-linking (8e@). Then we will
both introduce our light model for inspecting the discouis&sed on a robust
syntactic parser and a knowledge-based shallow semauatiigsen) and describe
how the proposed model enables the extraction of the relewzsh stable re-
lations among event types using statistical measuresi¢®e8). Finally, the
viability of the approach is inspected in the financial damaipresented by a
document collection of news articles (Section 4).

2 Rule-based hyperlinkingwith information extraction
techniques

The identification of links among texts in document colleas may be a very
subjective matter according to the perception of what isuls&€herefore, a hy-
pertext should take into account that the final users may eskdifferent sup-
ports in reasoning. As Glushko (1989) observers, some kgiaal links may
even be misleading for a user not interested in the infondtiey are pointing
to. Assigning types to hyper-links is then suggested toame such a problem.
From the point of view of the possible services, a typed tettvork is useful
for supporting a personalised access to the linking infeionaaccording to di-
namically changing specific needs. The extent of the pelisatian depends on
the used link type systeffi and on the availability of automatic methods able to
assign types if" to the retrieved links.

In this context, computational approaches based on bageod-models (e.qg.,
(Allan 1996)) or on more semantic document representatioch aslexical
chains(Hirst 1991) used in Green (1997) may not be very well suit€dese
models can offer a degree of relatedness among documents tiwd sufficient
to classify links in types as “cause-effect”. In Allan (1995is type is consid-
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Figure 1:Examples of justified links

ered “manual”, i.e.put of scopdor these computational models. Detectable link
types are in 6 classes called “automatic” linkevision summary/expansion
equivalencecomparison/contrastangenf andaggregate To push forward the
limit, deeper text understanding models are needed. Fongeawhile these ap-
proaches may relate the news itemsn,, andn; in Figure 1 using théntel
stem, they cannot produce any further linking motivatiom. tde other hand, it
may be relevant to make explicit that the link between the neas itemsn,
andn, is motivated by the fact that both deal with timtel acquisition
activity or that the link between, andn; describes a kind of cause-effect.
In the approach we follow (Basili et al. 2003), we rely onabjective rep-
resentation(OR) of the document content to support the automatic extraaifo
typed links among documents. A documeis represented as a sequence of

typed events, i.e.,
d=Aey,....,en} 1)

where each event = (t;, {a}, a?, ..., a?}) is represented by a typée;) = et;

i Wiy ey Ay

and a set of argumentge;) = {a;, a?, ..., a"} related to the participants. For in-

stance, given the event cldsg)_event andshare_trend, the three news articles
in Figure 1 would have respectively the followingjective representations

my = {(buy_event, {agent(Intel), patient(ICP)})},
iy = {(buy_event, {agent(Intel), patient(a_unit_.of NKT)})},and (2)
n3 = {(share_trend, {agent(Intel), modi fier(1%)})}.

On this document model, a powerful language for the desonipif complex
linking rules has been provided (see (Basili et al. 2003pfore details). Hyper-
linking rules may be written as logical forms in which trigggustify firings.

These rules state that two documeritsand d, are related with a link type
It(ety, ety) if (i) an event of the typest; is detected ini; and one of typet,

in dy, and (ii) the two events satisfy some equivalence condgrain the parte-
cipants. In this language cause-effect linking rules magdmly written. For
example, relevant and completely defined link types abl&ptaén, respectively,
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the relations (1) and (2) in Figure 1 atébuy_event, buy_event) (a same event
link type) andlt(buy_event, share_trend) (a sort ofcause-effegt Link types,
It(ety, eta), and linking rules are strictly correlated: both are cortgdiedefined
when the types of the involved events have been identified.

The rule-based hyper-linkingparadigm may support theraatic construc-
tion of a typed text networks. Different types of links maydefined according
to the foreseen information needs. However, the definiticth® hyper-linking
types, i.e.Jt(et1, ety), and the related rules may still be a cumbersome problem
since prototypical relations among facts may not be so etidehe problem is
strictly related to the number of the possible event cla@besetC') the under-
lying information extraction system is able to deal with.akde EC set results
in a rich language for expressing the link types and very ifipeales may be
foreseen. But, as the size B{C grows, the hyperlinking rule definition activity
becomes more complex as the number of possible linking tigples considered
grows squarely. Trivially, the number of typ#set;, ety) with ety, ety € EC,
whose relevance has to be judged,Ai§’|?/2. Aiming to reduce this space, we
here propose a method to suggest (among all the possibletbresore promis-
ing link types among event classes that may be easily tri@asia hyper-linking
rules.

3 Shallow discourse analysis for automatically deriving hperlinking rules

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

Then, the model we here propose will analyse the contentetekts in
light of the event classeBC and will try to find these correlations (i.e., the co-
occurrences) among elementshi@’ that are more promising in the corpas
The experimental framework will build on robust methodsgdorcessing natural
language (i.e., a robust syntactic parser (Basili & Zamzd@02) and a shallow
knowledge-based method for a semantic analysis in line apttroaches such
as (Humphreys et al. 1998), and on well assessed statistgagures (i.e., the
mutual information). In the model we propose, the syntaaialyser extracting
the grammatical structures of a given text cooperates Wwelsemantic analyser
to map different surface representations to the impliedieslass. The corpus,
reduced to a set of forms as (1), will be used to define thesstati model able to
capture the stable relations among fact types by means ofuhéal information
scores.
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3.1 Robust syntactic parsing and knowledge-based semantlgsisa

As we need thebjective representatioim capture relations among fact classes,
salient events expressed in the documents need to be mdisteXje recog-
nition process starts from a grammatical analysis to filterggammatical dif-
ferences of surface forms and to make evident syntactitiorlaamong the
textual fragments. We will rely on a robust approach thatdpoes partial and
possibly ambiguous syntactic analysis in extended depeydgraph XDG) (for
more details refer to Basili & Zanzotto (2002)). Verbal s, relevant for our
analysis, can be straightforwardly extracted selectiegsthbgraphs with all the
constituents that can be directly reached by a verb.

The syntactic processdiP is then a function mapping documents in raw
textst to syntactically analysed documens, i.e., SP(t) = sd. The syn-
tactic representationd of a document is a set of verb contexis i.e., sd =
{e1, ..., cn }. For instance, the syntactic representation for the dootsme and
ny in Figure 1 are SP(n1) = {¢} and SP(ny) = {e} where
¢ = (buy, {lsubj(company(Intel), lobj(unit_of(company(NKT))}) and
¢ = (acquire, {lsubj(company(Intel),lobj(company(ICP))}).

Syntactically processed documents are still not complefeheralised to al-
low the analysis of the co-occurrences for two given evepésy Differences
between surface forms still exist, e.g., no explicit eglgimae is stated between
the verb context; andc,. In line with Humphreys et al. (1998), we will per-
form this harmonisation in the semantic analysis by matglhire current verb
contexts with event prototypes contained in a domain kndgddase< B. This
latter stores the different surface representations &gsdcto each event type
postulated in the domain (i.e., for each element in the=ge}.

For the shallow semantic analysis we propose a functighat maps doc-
uments in the syntactic space to their semantic represemtae.,d = S(sd)
wheresd is a document syntactically represented whilis the document seen
as a sequence of salient facts. The key element of the senzaratysis is the
event knowledge-bagg B that contains elementsyent prototypes

(t,v,]ay, ..., an)) (3)

describing that a possible form of an event typed FC is a verb context gov-
erned by the verb with a4, ...,a, as arguments. An instance of event prototype
of the typebuy _event may be:

(buy_event, acquire, {lsubj(company (X)), lobj(company(Y))}) 4)

that is abuy_event may be represented in a context of the vetbuire if the
logical subjectX (referred adsubj) is acompany and the logical object”
(referred adobj) is company. The knowledge-bask B is then used to define
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the functionS(sd) = {s(¢1), ..., s(¢,,) } where:
(c) = (t,args) if 3(t,v,args) € best_match(c, K B)
S none otherwise

®)

That is, a verbal context= (v, sargs) is transformed into an eveft, args) of

the typet if an event prototypét, v, args) is foreseen in the knowledge baké3
whose argumentsrgs are matched against the arguments of the actual instance
sagrs. If more than one prototype satisfies the constraints, thkeroatching

the largest number of arguments is selected, heat, match(c, 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 mubafrmation

As the final step of our model, we propose here to study theslation among
event classes using the mutual information on a statisticalel of the corpus.
Pairs of event classes found with a positive level of mutnfdrimation will be

retained as useful to build hyper-linking rules. We assunag the link type is
defined by the pair of correlated events.

In order to evaluate the mutual informatial/ (), two sample spaces, and
S, have been defined on the analysed corpus; is the space of all the events
occurred in the corpu§’ while S, represents all the events that jointly appeared
in one of the documents. The probability that the single evénof typet can be
estimated using the frequency of the events of tyjpethe space5;. Similarly,
the probabilities ofety, ety) pairs can be estimated on the sp&ge Then, the
mutual informationmi(et,, ety) of two event typegt; andet, belonging to the
event classes foreseen in the model of the knowledge dostain i

p(etlz 6t2)

mi(ety, ety) = log————
( 1 2) gp(etl)p(etg)

(6)

The mutual information in the corpus of the pairg(et;, et;) makes evident the
relations considered relevant by the writers of the analgkeeuments. Higher
is the value of the mutual information wider is the percepid a relevant link
between the two event classes. Event type pairs with a pesiélue of mutual
information can be retained as relevant link typle?,, et,) and easly translated
to hyper-linking rule. Furthermore, in a supervised enwinent, the use of the
mutual information as index offers the possibility to rahk thoices 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 , Balancest 3imalysis)
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 empetihas been
carried out on a large document collection with these pararsie(1) the set of
event classe&'C and (2) the semantic knowledge bdsds. We will hereafter
refer to EC + K B as the model for the domain. The event classes foreseen
for this domain are shown in Table 1 structured into an hénar These 20
classes are the same proposed in Basili et al. (2002) toibestre relevant
events that may occur in a financial news stream. This clagarchy covers
event types involving the activities of the companies inrttagket (e.g., the class
5) as well as the events that may happen in the stock exchamgetliie types
6, 6-1, and 6-2). On the other hand, the knowledge ba#eincluding about
500 event prototypes has been extracted from the corpusheitemi-automatic
extraction method based on a terminological perspectigsi(Bet al. 2002). The
terminological model enables the extraction of event pyqes from the corpus
and their ranking according to a relevance score. The rapketbtypes are
then shown to one or more annotators that provide a cladsifican one of
the foreseen classes KC'. It is worth noticing that also the modular syntactic
parser we are using depends itself on a number of paramie¢ershe rules and
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the lexicons it uses. In particular, due to the nature ofifi@rmation we want to
gather, the main parameters are the part-of-speech tagdé¢ha verb argument
detector. Nevertheless, even with all these inherentditoibs we carried out the
experiments on a large corpus, i.e., a collection of abo®Pnews items of the
Finacial Times published in the period Oct—-Dec 2000. Thikction has been
assumed to be the implicit domain model where to extract ¢timeadn “linking”
knowledge.

After the syntactic/semantic analysis it emerges that arege of 0.89 events
for each document have been matched and this can drastiedlige the expec-
tation of finding correlations among event types. Focussimthe 5,723 out of
the 12,308 documents that had a least one detected eveateitagye number of
events per documentis more that doubled (i.e., 1.91 eviws). This value sug-
gests that when the document is covered byAlie+ K B model the correlation
between fact types iR'C is a significant phenomenon and, consequently, can be
studied. The mutual information among element#ifi is depicted in Table 2

Hyper-link prototype MI
[t(6-1,6) Share Trends STOCK MARKET 1.0574
1t(3,5-2) GOVERNMENT ACTIVITIES Market Sector 0.9879
[t(2-2,6-1) Company Assets Share Trends 0.9513
[t(2-4,2-4) Staff Movement Staff Movement 0.8176
It(2-2,6) Company Assets STOCK MARKET 0.7785
[t(6-1,6-1) Share Trends Share Trends 0.5884
lt(5-2,5-2) Market Sector Market Sector 0.5499
It(6,6) STOCK MARKET STOCK MARKET 0.3810
[t(1-2,1-2) Cooperation/Splitting Cooperation/Splittig 0.3462
lt(1-2,4) Cooperation/Splitting JOB MARKET 0.3090
[t(2-2,2-2) Company Assets Company Assets 0.2793
[t(1-1,1-2) Acquisition/Selling Cooperation/Splitting  0.1724
It(2-4,5-1) Staff Movement Position vs Competitors 0.1516
[t(2-5,6-1) External Communications Share Trends 0.0808
[t(2-1,2-2) Funding/Capital Company Assets 0.0363
lt(1-1,1-1) Acquisition/Selling Acquisition/Selling 00254
t(6,5-2) STOCK MARKET Market Sector 0.0210

Table 2:Hyperlinking Rules derived from the Economic Corpus

where hyper-linking rules among the typesandt, are referred ag (¢, t;). As
expected only a small part (17 out from 210) are selectedtaréfore presented

as useful hyper-linking rules. In such a way the 90% of thesiinbs hyper-link
types (and related rules) are removed. This demonstraa¢®tin method is a
viable solution for discovering relevant link types. An kation of the pairs
with respect to human judgements is difficult because twotgypes randomly
picked from EC' seem to be correlated. We can only discuss the obtained list
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with respect to the document collection. We may observesthiaie event types
tend to occur with events of the same type as, for instandeg21, 1-1, and 2-2.
This interesting fact confirms that rules connecting evehtbe same type can
be relevant for a perspective user of the linking informati®@he most relevant
suggested relations are those connecting different elesdes. Apart from the
first between a class 6-1 with its superclass 6, these retatioggest that cause-
effect relation types are active in the corpus accordingeaibmain model given
by EC and, therefore, the related linking rules may be foresedr secondly
ranked, for instance, states that a relevant relation magraen between the
government activitieglass 3) and the trends imaarket sectofclass 5-2). The
third suggested rule states a relation betweerCthimpany Assei®-2) and the
Share Trend$6-1) similarly stated by the relation (2-2,6).

5 Conclusions

Building on the basic idea that relevant link types are alyeexpressed in the
collections of domain documents, we presented a novel rddibroautomati-
cally deriving hyper-linking typest(et;, ets) and, consequently, hyper-linking
rules. The proposed method based on natural language pingdsechniques
seems to be a viable solution to address the definition of tyets and rules: in
fact, when documents are covered by the domain knowledgeimibe: stated
relations among event types may be recovered. The methodopese reduces
the linking rules that have to be considered.

REFERENCES

Allan, James. 1996. “Automatic Hypertext Link TypingProceedings of the 7th ACM
Conference on Hypertex42-52. Washington, D.C.: ACM Press.

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

Basili, Roberto, Alessandro Moschitti, Maria Teresa Paz#e& Fabio Massimo Zan-
zotto. 2003. “Personalizing Web Publishing via Informati&xtraction”. |IEEE
Intelligent System#8:1.62-70.

Basili, Roberto, Maria Teresa Pazienza & Fabio Massimo @&0z2002. “Learning IE
Patterns: A Terminology Extraction Perspectiv/orkshop of Event Modelling for
Multilingual Document Linking36-41. Las Palmas, Spain.

Ellis, David, Jonathan Furner-Hines & Peter Willett. 1998he Creation of Hypertext
Linkages in Full-text Documents: Parts | and II”. Techni€dport RDD/G/142.
London: British Library Research and Development Dept.

Glushko, Robert J. 1989. “Design Issues for Multi-Docuntéppertexts”.Proceedings
of the 2nd Annual ACM Conference on Hypert&it-60. Pittsburgh, Pennsylvania:
ACM Press.



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

Green, Stephen. 1997. “Automatically Generating HypergxComputing Semantic
Similarity”. PhD dissertation. Dept. of Computer Sciendajv. of Toronto.

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

Morris, Jane & Graeme Hirst. 1991. “Lexical Cohesion, the§durus, and the Structure
of Text”. Computational Linguisticd7:1.21-48.

Van Dyke Parunak, Henry. 1991. “Ordering the Informatiom®r’. Hypertext/ Hyper-
media Handbooled. 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 &mgjineering
**University of Toronto, Department of Computer Science

Abstract

We present Xenon, a natural language generation systenbleapiadis-
tinguishing between near-synonyms. It integrates a ngerym choice
module with an existing sentence realization module. Wéuata Xenon
using English and French near-synonyms.

1 Introduction

Natural language generation systems need to choose betwaesynonyms—
words that have the same meaning, but differ in lexical nean€hoosing the
wrong word can convey unwanted connotations, implicationsittitudes. The
choice between near-synonyms sucleasr, mistake blunder, andslip can be
made only if knowledge about their differences is available

In previous work (Inkpen & Hirst 2001) we automatically bud lexical
knowledge base of near-synonym differendg¢q of NS). The main source of
knowledge was a special dictionary of near-synonym dida@dtion, Choose the
Right Word(Hayakawa 1994). ThekB of NSwas later enriched (Inkpen 2003)
with information extracted from other machine-readabtidnaries, especially
the Macquarie dictionary.

In this paper we describe Xenon, a natural language geoprsyistem that
uses the knowledge of near-synonyms. Xenon integrates anaawsynonym
choice module with the sentence realization system naiw¢dgen (Langkilde
& Knight 1998, Langkilde-Geary 2002). AL ogen is a broad-coverage general-
purpose natural language sentence generation systematimdiirees symbolic
rules with linguistic information gathered statisticafipm large text corpora
(stored in a language model). For a given input, it generallethe possible
English sentences and it ranks them according to the larguagel, in order to
choose the most likely sentence as output.

Figure 1 presents Xenon’s architecture. The input is a sémespresen-
tation and a set of preferences to be satisfied. A concret@mraof input is
shown in Figure 2. The final output is a set of sentences aridgberes. The
highest-ranked sentence is considered to be the solution.
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Interlingual
representation

o English
Near-synonym Sentence | text
choice module = realization

—=

Preferences HALogen

[Lexical knowledge-base of near—synonyms}

Figure 1:The architecture of Xenon

2 Meta-concepts

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

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

We use distinct names for the various meta-concepts. The wda meta-
concept is formed by the prefix “generic”, followed by the raof the first
near-synonym in the cluster, followed by the part-of-speé&wor example, if the
cluster islie, falsehood, fib, prevarication, rationalization, uath, the name of
the cluster is “generi¢ie n”. If there are cases where there could still be conflicts
after differentiating by part-of-speech, the name of theosd near-synonym is
used. For example, “stop” is the name of two verb clustemsettore, the two
clusters are renamed: “genestoparrestv” and “genericstopceasev”.

3 Near-synonym choice

Near-synonym choice involves two steps: expanding the {t@taepts, and
choosing the best near-synonym for each cluster accorditiget preferences.

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

(el/ (:CAT NN :LEX “lie”) :WEIGHT 1.0e-30)
(e2/ (:CAT NN :LEX “falsehood”) :WEIGHT 6.93e8)
(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 expamsby the
near-synonym choice module.

We implemented this in a straightforward way: the near-synochoice module
computes a satisfaction score for each near-synonym; #iesfestion scores be-
come weights; in the entAL ogen makes the final choice, by combining these
weights with the probabilities from its language model. t#ar example in Fig-
ure 2, the expanded representation, which is inpitAdogen, is presented in
Figure 3. The near-synonym choice module gives higher weidib because it
satisfies the preferences better than the other near-syreoimthe same cluster.
Section 4 will explain the algorithm for computing the wetigih

4 Preferences

The preferences that are input to Xenon could be given bysbke ar they could
come from an analysis module if Xenon is used in a machinaskation system
(corresponding to nuances of near-synonyms in a diffeeerguage). The for-
malism for expressing preferences and the preferencdagaittsm mechanism is
adapted from the prototype system I-Saurus (Edmonds & R@8R).

The preferences, as well as the distinctions between yaangms stored in
theLKB of NS, are of three types. Stylistic preferences express a nddanal-
ity, force, or concreteness level and have the form: (stfestylistic-feature),
for example (low formality). Attitudinal preferences erps a favorable, neu-
tral, or pejorative attitude and have the form: (stancet@ntivhere stance takes
the values favour, neutral, disfavour. An example is: @lisfir :agent). Denota-
tional preferences connote a particular concept or cordtgur of concepts and
have the form: (indirectness peripheral-concept), whedéréctness takes the
values suggest, imply, denote. An example is: (imply (C ésssient :MOD
(OR ignorant uninformed))). The peripheral concepts afessed in the ISI
interlingua.

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

(- low formality)

(- always high pejorative :agent)

(- always medium implication (C/assessment :MOD (OR ignbrminformed))).

For each near-synonym in a cluster, a weight is computed by summing the
degree to which the near-synonym satisfies each prefereowethe setP of
input preferencesW eight(w, P) = > Sat(p, w).

The weights are then transformed through an exponentiatibmthat nor-
malizes them to be in the interv@, 1]. The exponentials function that we used

is: f(z) = E{;—Al The main reason this function is exponential is that theediff
ences between final weights of the near-synonyms from aeclosed to be num-
bers that are comparable with the differences of proba&slirom HAL ogen’s
language model. The method for choosing the optimal valueigpresented in
Section 7.

For a given preference € P, the degree to which it is satisfied hy
is reduced to computing the similarity between eachuisf distinctions and a
pseudo-distinctior(p) generated fronp. The maximum value overis taken:
Sat(p,w) = max; Sim(d(p),d;(w)), whered;(w) is thei-th distinction ofw.
We explain the computation ¢fim in the next section.

5 Similarity of distinctions

The similarity of two distinctions, or of a distinction andpaeference (trans-
formed into a distinction), is computed similarly to (Ednaisri999):

Simgen(dr,ds)

Sim(dl,dQ) = Simal,t(dladQ) @)
Simgy(di,ds)

Distinctions are formed out of several components, repitesieas symbolic val-
ues on certain dimensions. In order to compute a numerieseach symbolic
value has to be mapped into a numeric one. The numeric vadaesTable 1)
are not as important as their relative difference, sincthalkimilarity scores are
normalized to the intervad, 1].

For stylistic distinctions, the degree of similarity is oménus the absolute
value of the difference between the style values.

Sim,sw(dhdg) =1.0- |Sty[€((]2) - Sty]?((]’l)‘
For attitudinal distinctions, similarity depends on theduencies and the atti-
tudes. The similarity of two frequencies is one minus thbsdute differences.
For the attitudes, their strength is taken into account.

Simai(di,d2) = Spreq(di, d2) - Sare(di, d2)
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Frequency Indirectness Attitude Strength Style
never .0 suggestion 2 pejorative-2 low -1 low O
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 values

Sfreq(di,d) = 1.0 — [Freq(dz) — Freq(dy)|
Su(dr,do) = 1.0 — |Att(do) — Att(dr)| / 6
Att(d) = Attitude(d) + sgn(Attitude(d)) - Strength(d)
The similarity of two denotational distinctions is the puootl of the similarities
of their three components: frequency, indirectness, amgemtual configura-
tion. The first two scores are calculated as for the attitldiinstinctions. The
computation of conceptual similarity(,,,) will be discussed in the next section.
Simgen(di, d2) = Spreq(di. da) - Siar(di, dz) - Scon(di, d2)
Slal(d],dQ) = 1.0 — ‘Lat(dg) — Lat(d1)| / 8
Lat(d) = Indirectness(d) + Strength(d)
Here are some examples of computing the similarity betwéstmdtions:
a. ifdy = (lex; low formality) andd, = (lexzo medium formality then
Sim(dy,dy) =1—10.5 -0 = 0.5
b. if dy = (lexz; always medium implicatio®;) andds = (lex, seldom medium
suggestionP;) thenSim(dy, do) = Sireq(di, d2) - Siar(di, da) - Scon(di, da) =
(1-1025-1))-(1-=(2+0+5+0)/8)-1=0.03

6 Similarity of conceptual configurations

Peripheral concepts in Xenon are complex configurationeotepts. The con-
ceptual similarity functiorf.,,, is in fact the similarity between two interlingual
representations; and¢,. Equation 2 computes similarity by simultaneously
traversing the two representations.

[ S(conceptty), conceptty)) if N1o =0 5
Secon (tl’ tQ) - aS(COﬂCGp(ﬂ ), Concep(tg)) + ﬁﬁ 251’52 Swn(S] , 52) ( )

In equation 2, concefif’), whereC is a interlingual representation, is the main
concept (or word) in the representation. The first line gpomds to the situation
when there are no roles. The second line deals with the relesred by both
representations, or appearing only in one of théms is the sum of the number
of shared roles and the number of roles unique to each of iregentations (at
the given level in the interlingua}, ands, are the values of any shared rote.
andg are weighting factors. i = g = 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 ARNPom-
plex concepts. If both are disjunction§; = (OR Cy;---C4,), andCy =
(OR Cy; - - - Cop), thenS(Cy,Cy) = max; j Scon(Chi, Coj). The components
could be atomic or they could be complex concepts; that'sthiby .., function
is called recursively. If one of them is atomic, it can be \éelas a disjunction
with one element, so that the previous formula can be usdmhthf are conjunc-
tions, then the formula computes the maximum of all possibhas of pairwise
combinations. I, = (AND C4; Cy5 - - - Cy,,), andCy = (AND Cy; Coy - - - Coy,),
then the longest conjunction is taken. Let's say> m (if not the procedure
is similar). All the permutations of the components@f are considered, and
paired with components af,. If some components af; remain without pair,
they are paired with null (and the similarity between an atord null is zero).
Then the similarity of all pairs in a permutation is summed divided by the
number of pairs, and the maximum (from all permutationd)ésresulting score:
S(C] 3 CQ) = MaTpeperms % (Z;gn:] Scon<c1pk7 02k>+ZZ:m+] Scon(C]k7 nU”))
Here is a simple example to illustrate this proceduig,,((AND abc),
(AND ba)) = 3 maz(Seon(a, b)+Secon(b, @)+ Scon(c, nUll), Scon(a, a)+Son (b,
b) 4+ Seon(c,null)) = 3 maz(0+0+0,1+1+0) =0.66
The similarity of two words or two atomic concepts is complfi®m their
positions in the ontology of the system. A simple approachildide this: the
similarity is 1 if they are identical, O otherwise. But we kaw factor in the
similarity of two words or concepts that are not identical blosely related in
the ontology. We implemented a measure of similarity fortlal words, using
the Sensus ontology. Two concepts are similar if there isladif length one
or two between them in Sensus. The degree of similarity isodisted by the
length of the link. The similarity between a word and a condggiven by the
maximum of the similarities between all the concepts (s€nskthe word and
the given concept. The similarity of two words is given by thaximum simi-
larity between pairs of concepts corresponding to the woBggore looking at
the concepts associated with the words, stemming is usee i the two words
share the same stem, in which case the similarity is 1. Thables similarity
across parts-of-speech.
Here are some examples of similarity of conceptual configuna:
a. if ¢y =(C1/ departure :MOD physical and :PRE-MOD unusual) and
Cy = (C2 / departure :MOD physical) theton(Cy,C2) = 0.5-1+0.5-1/2 -
(0.5-1) = 0.625
b. if C; =(C1/ person :AGENTOF (A / drinks :MOD frequently) and
thenSeon(C1,C2) = 0.5-1+0.5-1/1-(0.5+0.5-1/2-1) = 0.875if C; =
(C1/ occurrence :MOD (OR embarrassing awkward)) @ae- (C2 / occurrence
:MOD awkward) thenS..,,,(C1,Cy) =0.5-140.5-1/1-1 = 1.0



NEAR-SYNONYM CHOICE IN NATURAL LANGUAGE GENERATION 147

c. if C; =(C1/ (AND spirit purpose) :MOD hostile) and, = (C2 / purpose :MOD
hostile) thenS,,,(C1,C2) =0.5-(1+0)/24+0.5-1=0.75

7 Evaluation of Xenon

The main components of Xenon are the near-synonym choicelmaddHAL -
ogen. An evaluation oHALogen was already presented by Langkilde-Geary
(2002). Here, we evaluate the near-synonym choice modulétaimteraction
with HAL ogen.

We conducted two kinds of evaluation experiments. The fjyst bf experi-
ment (Testl and Test2) feeds Xenon with a suite of inputsedaoh test case, an
interlingual representation and a set of nuances. The sefteofces correspond to
a given near-synonym. A graphic depiction of these two tiegbown in Figure
4. The sentence generated by Xenon is considered corrbet édpected near-
synonym was chosen. The sentences used in Testl and Test2rample;
therefore, the interlingual representations were easilly by hand. In the inter-
lingual representation, the near-synonym was replaceld thvé corresponding
meta-concept.

The analyzer of lexical nuances for English simply extrdletsdistinctions
associated with a near-synonym in B of NS. Ambiguities are avoided be-
cause the near-synonyms in the test sets are members inranbyf the clusters
used in the evaluation.

In Testl, we used 32 near-synonyms that are members of thistexd; one
example of cluster isbenefit, advantage, favor, gain, profifestl was used as
a development set, to choose the exportefar the function that translated the
scale of the weights. As the value bfincreased (staring at 1) the accuracy on
the development set increased. The final value chosénvi@s 15. In Test2, we
used 43 near-synonyms selected from 6 other clusters, paheeEnglish near-
synonyms from Figure 5. Test2 was used only for testing, oodévelopment.

The second type of experiment (Test3 and Test4) is based ommegransla-
tion. These experiments measure how successful the tt@msddnear-synonyms
from French into English and from English into English is.eTthachine transla-
tion experiments were done on French and English sentemaesre translations
of each other, extracted from the Canadian Hansard (1.®Bmjairs of aligned
sentences from the official records of the 36th Canadianefaeht) (http://www.

Interlingual
representation

Simple English Analyzer of lexical | Prefs
sentence nuances (English)

English
sentence

uouax

Figure 4:The architecture of Testl and Test2
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English (n.): mistake, blooper, blunder, boner, contretemps,refaax pas, goof, slip,
solecism

French: erreur, égarement, illusion, aberration, malentendecampte, bévue, bétise,
blague, gaffe, boulette, brioche, maldonne, sophismeuapnéprise

English (n.): alcoholic, boozer, drunk, drunkard, lush, sot

French: ivrogne, alcoolique, intempérant, dipsomane, poivpmchard, sac a vin,
sollard, soUlographe, éthylique, boitout, imbriaque

English (v.): leave, abandon, desert, forsake

French: abandonner, délaisser, déserter, lacher, laissdydnmlanter la, plaquer, livrer,
céder

English (n.): opponent, adversary, antagonist, competitor, enéayrival

French: ennemi, adversaire, antagoniste, opposant, détracteur

English (adj.): thin, lean, scrawny, skinny, slender, slim, spave]te, willowy

French: mince, élancé, svelte, flandrin, gréle, fluet, effilesdlé, pincé

English (n.): lie, falsehood, fib, prevarication, rationalizatiemtruth

French: mensonge, menterie, contrevérité, hablerie, vaatdanfaronnade, craque,
bourrage de crane

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

isi.edu/natural-language/download/hansard/). Xenonlslgenerate an English
sentence that contains an English near-synonym that beshesathe nuances
of the initial French near-synonym. If Xenon chooses exabtt English near-

synonym used in the parallel text, this means that XenoriaWieur was correct.

This is a conservative evaluation measure, because theecases in which more
than one translation is correct.

The French—English translation experiments take Frenttesees (that con-
tain near-synonyms of interest) and their equivalent Bhglianslations. We can
assume that the interlingual representation is the samtéhétwo sentences.
Therefore, we can use the interlingual representatiornfEnglish sentence to
approximate the interlingual representation for the Fnesentence. As depicted
in Figure 6, the interlingual representation is produceidgigin existing tool
that was previously used by Langkilde-Geary (2002H#&L ogen’s evaluation
experiments. In order to use this input construction toel parsed the English

English 9‘ ParserHlnput construction tool s
sentence
|

English
sentence

French Analyzer of lexical nuanceg_Prefs

sentence (French)

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

sentence Analyzer of lexical nuances Prefs

(English)

ParserH Input construction tool}#
English ‘

uouax

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

sentences with Charniak’s parser (Charniak 2000), and wetated the sub-
jects in the parse trees. In the interlingual represemtaifoduced by the input
construction tool we replaced the near-synonym with theesponding meta-
concept. For Test4, the baseline is much higher because ofdi the test data
was collected. The analyzer of French nuances from Figuree@sto extract
nuances from &KB of French synonyms. We created by hantdk& for six
clusters of French near-synonyms, from two paper dictiesasf French syn-
onyms, (Bénac 1956) and (Bailly 1973).

A similar experiment, translating not from French into Bsiglbut from En-
glish into English via the interlingual representatiornyseful for evaluation pur-
poses. An English sentence is processed to obtain its semaptesentation
(and the near-synonym is replaced with a meta-concept)heriéxical nuances
of the near-synonym are fed as preferences to Xenon. Id¢adysame near-
synonym as in the original sentence would be chosen by XeHumpercentage
of times this happens is an evaluation measure. The artlviéeaf these experi-
ments is presented in Figure 7.

Test4 is similar to Test3, but instead of having one sentdoce near-
synonym, it contains all the sentences in a given fragmedaokard (4 Megabytes
of House debates) in which words of interest occurred. Tfaee Test4 has the
advantage of containing naturally occurring text, notfiaitilly selected sen-
tences. It has the disadvantage of lacking those near-gymom the test set
that are less frequent. The English and French near-syn®onged in Test3 and
Test4 are the ones presented in Figure 5.

In order to measure the baseline (the performance that cacHieved 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 corréslydmecause the
expected near-synonym happens to be the default one.

The results of the evaluation experiments are presentedtite 2. The sec-
ond column shows the number of test cases. The column nanwetEtT’ shows
the number of answers considered correct. The column naiiesshows the
number of ties, that is, cases when the expected near-synbag weight 1.0,
but there were other near-synonyms that also had weighb&dause they hap-
pen to have the same nuances in ti& of NS. In such cases, Xenon cannot
be expected to make the correct choice. More precisely, ttier choices are
equally correct, at least as far as XenohkB is concerned. Therefore, the
accuracies computed without considering these casesdtteath column) are
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Experiment No. Correct Cor- Ties Base- Accuracy Acc.
of by rect line  (noties) (total)
cases default % % %
Testl 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 eightimuopresents accu-
racies while taking the ties into account, defined as the mummicorrect answers
divided by the difference between the number of cases anolmber of ties.

There are two reasons to expect Xenon’s accuracy to be less00%.

The first is that there are cases in which two or more nearsgyme get an equal,
maximal score because they do not have any nuances thaedtftde them (ei-
ther they are perfectly interchangeable, oritk& of NSdoes not contain enough
knowledge) and the one chosen is not the expected one. Thedseeason is
that sometimes Xenon does not choose the expected nearysyreven if it is
the only one with maximal weight. This may happen becatseogen makes
the final choice by combining the weight received from therrsg@monym choice
module with the probabilities from its language model. leiexg words may have
high probabilities in the language model. If the expectear+synonym is very
rare, its probability is very low. When combining the weigith the probabil-
ities, a frequent near-synonym may win even if it has a loweigis assigned
by the near-synonym choice module. In such cases, the tiefaat-synonym
(the most frequent of the cluster) wins. Sometimes such avietr is justified,
because there may be other constraints that influeategen’s choice.

Table 2 also includes the results for the baseline expetenéor Testl and
Test2 the baseline is much lower than Xenon's performanoe.ekample, for
Testl, Xenon achieves 96.8% accuracy, while the baselib®.6%. An excep-
tion is the baseline for Test4, which is high (76%), due towlag the test data
was collected: it contains sentences with frequent nesorsyms, which happen
to be the ones Xenon chooses by default in the absence ofpngferences. For
Test3 and Test4 the baseline is the same for the French aridlEegperiments
because there no nuances were used.

Another way to measure the performance of Xenon is to medsyvanany
times it makes appropriate choices that cannot be madeAnyogen, that is,
cases that make good use of the nuances fromKBeof NS. This excludes the
test cases with default near-synonyms, for which Xenon sk right choice
due to the language model. It also excludes the cases of ies ¥enon cannot
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make a choice. For the experiments with only English neapsyms, Xenon is
performing very well, managing to make correct choices thanot be made by
default. Accuracies vary from 92.3% to 100%. For the experita involving
both French and English experiments, Xenon makes only a éeveat choices
that cannot be made by default. This is due to the fact thaé tisesome over-
lap in nuances between French and English synonyms, butohtst overlap
happens for the near-synonyms that are defaults.

8 Conclusion

Xenon can successfully choose the near-synonym that bésthesaa set of input
preferences. In recent work, we extended the near-synohgiceto take into
account the collocational behaviour of the near-synonyms.

Acknowledgments. We thank Irene Langkilde-Geary for useful discussions amd f
making the input construction tool available. We thank Baimonds for making avail-
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ences and Engineering Research Council of Canada.
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Fast and Accurate Part—of-Speech Tagging:
The SVM Approach Revisited

JESUS GIMENEZ & L LUiS MARQUEZ
Technical University of Catalonia

Abstract
A very simple and effective part-of-speech tagger basedupp&t Vector
Machines évmMT) is presented. Simplicity and efficiency are achieved by
working with linear separators in the primal formulationsfm, using a
greedy tagging scheme. By means of a rigorous experimevahiation,
we conclude that the proposexym-based tagger is robust and flexible
for feature modelling, trains efficiently with almost no aareters to tune,
and is able to tag thousands of words per second, which makegable
for real applications. Regarding accuracy, thev tagger significantly
outperforms thent tagger, and achieves an accuracy of 97.2% omthe
corpus, which is comparable to the best taggers reported daté.

1 Introduction

Automatic part—of-speechr¢9 tagging is the task of determining the mor-
phosyntactic category of each word in a given sentence alvery well-known
problem that has been addressed by many researchers fasttdetades. It is
a fundamentaproblem in the sense that almost mllPapplications need some
kind of Postagging previous to construct more complex analysis arsl per-
manentlyon—fashiorsince current applications demand an efficient treatment of
more and more quantities of text.

In the recent literature, we can find several approachesfiagging based
on statistical and machine learning techniques, includimpng many others:
Hidden Markov Models (Brants 2000), Maximum Entropy (Rax&hi 1996),
Transformation—based learning (Brill 1995), Memory—tohkearning (Daele-
mans et al. 1996), Decision Trees (Marquez et al. 1999) Badat (Abney et
al. 1999), and Support Vector Machines (Nakagawa et al. ROBbst of the
previous taggers have been evaluated on the Engiitorpus, using the Penn
Treebank set oPos categories and a lexicon constructed directly from the an-
notated corpus. Although the evaluations were performéi slight variations,
there was a wide consensous in the late 90's that the statiee-edrt accuracy
for Englishpostagging was between 96.4% and 96.7%. The most widespread
taggers in thenLP community have been themmv—basedrnT tagger (Brants
2000), the Transformation—based learnimgL() tagger (Brill 1995), and several
variants of the Maximum EntropyE) approach (Ratnaparkhi 1996ynT is
an example of a really practical tagger forp applications. It is available to
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anybody, simple and easy to use, considerably accurate>dramely efficient.
In the case ofrBLand ME approaches, the great success has been due to the
flexibility they offer in modelling contextual information

Far from being considered a closed problem, researcheesthad to im-
prove results during last years. Either by introducing meamaplexHMm mod-
els (Lee et al. 2000), or by enriching the feature set imeatagger (Toutanova
& Manning 2000), or by using more effective learning techuas: svm (Nak-
agawa et al. 2001), a Voted—Perceptron—based trainingve enodel (Collins
2002), and Cyclic Dependency Networks (Toutanova et al3p0lhe state—of—
the—art accuracy was raised up to 96.9%-97.2% on the s&neorpus. In a
complementary direction, other researchers suggestedthkination of several
pre-existing taggers under several alternative votingses (Brill & Wu 1998,
van Halteren et al. 1998). The accuracy of these taggersls@sund 97.2%.

We propose to go back to thent philosophy(i.e., simplicity and efficiency
with state—of-the—art accuracy) but within tegm learning framework. We
claim that thesvm—based tagger introduced in this work fulfills the requiratee
for being a practical tagger and offers a very good balandeedfollowing prop-
erties. (1)Simplicity the tagger is easy to use and has few parameters to tune;
(2) Flexibility androbustnessrich context features can be efficiently handled
without overfitting problems, allowing lexicalization; )(8ligh accuracy the
svM-based tagger performs significantly better tliam and achieves an accu-
racy competitive to the best current taggers;Effjciency training on thewsJ
is performed in around onepPu 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 anghbessing of
unknown word categories. The final tagger constructed inghper gave a clear
evidence that thevm approach is specially appropriate for the second and third
of the previous points, the main drawback being a low efficyga running speed
of around 20 words per second was reported). We overcoméirtiiiation by
working with linear kernels in the primal setting of tsem framework taking
advantage of the extremely sparsity of example vectorsrddting tagger is as
accurate as that of (Nakagawa et al. 2001) but 60 times fastgPer| prototype.

2 Support Vector Machines

SvM is a machine learning algorithm for binary classificatiomiest has been
successfully applied to a number of practical problemsluoing NLP. See
(Cristianini & Shawe—Taylor 2000) for a good introduction.

Let {(x1,21),-..,(xn,yn)} be the set ofV training examples, where each
instancex; is a vector inR™ andy; € {—1, +1} is the class label. In their basic
form, asvM learns a linear hyperplane that separates the set of posikamples



SVM-BASED PART-OF-SPEECH TAGGING 155

from the set of negative examples wittaximal marginthe margin is defined as
the distance between the hyperplane and the nearest of $itvpand negative
examples). This learning bias is a heuristic intended tdmigze the bound on
generalization error.

The linear separator is defined by two elements: a weightovectand
a bias termb. Given a new example&, the classification rule of &vm is
sgn(f(x,w,b)), where f(x,w,b) = (w - x) + b. In the linearly separable
case, learning the maximal margin hyperpléwneb) can be stated as a convex
quadratic optimization problem with a unique solutioninimize||w/||, subject
to the constraintgone for each training example);({w - x;) + b) > 1.

Thesvm model has an equivalent dual formulation, characterizeahbgight
vectora and a bias. In this case,« contains one weight for each training
vector, indicating the importance of this vector in the sol. Vectors with
non null weights are calledupport vectors The dual classification rule is:
f(x,a,b) = SN yiai(x; - x) + b, and thea vector can be calculated also
as a quadratic optimization problem. Given the optimalvector of the dual
guadratic optimization problem, the weight vectot that realizes the maximal
margin hyperplane is calculatedas = Y-V | yarx;.

Thebd* has also a simple expression in termssdfand the training examples.

The advantage of the dual formulation is that it permits dicieht learning
of non-linearsvm separators, by introducingernel functions A kernel func-
tion calculates a dot product between two vectors that haea non linearly)
mapped into a high dimensional feature space. In spite diitifedimensional-
ity of the real feature space, the training is still feasislace there is no need to
perform this mapping explicitly.

In the presence of outliers and wrongly classified examplesy be useful
to allow some training errors in order to avoid overfittinchi§ is achieved by
a variant of the optimization problem, referred tosadgt margin in which the
contribution of errors to the objective function of margirmximization can be
balanced through the use of theparameter.

3 Problem setting

Tagging a word in context is a multi—class classificatiorbgm. We have ap-
plied a simpleone—per—clasbinarization, i.e., &VvM is trained for every part—
of—speech in order to distinguish between examples of thgs@nd all the rest.
When tagging a word the most confident tag according to theigtiens of all
SVMs is selected.

However, not all training examples have been consideredlfatasses. In-
stead, a dictionary is extracted from the training corpuh @il possible tags for
each word, and when considering the occurrence of a traimord « tagged as
t;, this example is used as a positive example for claaad a negative exam-
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word unigrams, W3, W—2,W_1, W0, W41, W42, W43,

bigrams and (w_o,w_1),(wW_1,w41), (wW_1,w0), (Wo,ws1), (W1, Ws2),

trigrams (w_z,w_a9,w_1), (W_o,w_1,wo), (W_2,w_1,ws1),
(w_1,wo, wi1), (W_1, W1, Wy2), (Wo, Wi1,Wy2)

POSunigrams, bigrams P-3,P—2,P—1,(P—2,P-1), (P—1,a41), (a31, a42)

and trigrams (p—3,P—2:P-1), (P—2,P—1,041), (P—1,0+1,042)

ambiguity classes, maye's aq, a1, as, az, mg, my, ma, M3

Table 1:Feature patterns used to codify examples

ple for all othert; classes appearing as possible tagsufén the dictionary. In

this way, we avoid the generation of excessive (and irrelgvaegative exam-
ples, and we make the training step faster. In the followedisns we will see
how a 635,000 word corpus generates training sets of abgd®@@@xamples on
average, instead of 635,000.

Each example has been codified on the basis dite contextbof the word
to be disambiguated. We have considered a centered windeaveh tokens,
in which some basic and-gram patterns are evaluated to form binary features
such as: “previousvord.is the ”, “two preceedingagsare DT NN/, etc. Table
1 contains the list of all patterns considered.

As it can be seen, the tagger is lexicalized and all word foamygearing
in window are taken into account. Since a very simple leftritght tagging
scheme will be used, word tags are not known at running tinedlowing the
approach of (Daelemans et al. 1996) we use the more gesmaizbuity—class
tag for the right context words, which is a label composedhgydoncatenation
of all possible tags for the word (e.dN-RB, JJ-NN, etc.). Each of the indi-
vidual tags of an ambiguity class is also taken as a binatyrfeaf the form
“following word may _be a VBZ'. We avoid thetwo passesolution proposed in
(Nakagawa et al. 2001), in which a first tagging is performedrder to have
right contexts disambiguated for the second pass. Theyestgg to replace the
use of explicith—gram features by applying polynomial kernels. HowevegGei
we are interested in working with a linear kernel, we havéuided them in the
feature set.

4 Experiments

The Wall Street Journal data from the Penn Treebank Ill has lised as the
benchmark corpus. We have randomly divided this 1,17 milli@rd corpus
into three subsets: training (60%), validation (20%) wortwd test (20%). All
the tagging experiments reported are evaluated on the etenfast set. The
validation set has been used to optimize parameters. The Reebank tagset
contains 48 tags. However, after compiling training exasaph the way ex-
plained in section 3, only 34 of them receive positive andatigg examples.
Thus, only 34svm classifiers have to be trained in the binarized setting. #he 1
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model acc. #sv _time
d=1, fs; 93.50% 3,472.47 44":48"
d=2,fs; 9391% 4,385.56 4h:10:19”
d=3,fs1 93.47% 6,040.59 5h:35:30"
d=4, fs; 92.78% 8,196.74 7h:23.07"
d=1, fss 93.84% 3,5632.44 1h:21:14"
d=2,fsy 93.67% 4,935.74 5h:38:48"

Table 2:Accuracy results on ambiguous words of alterna¥MTmodels

unambiguousags correspond to punctuation marks, symbols, and thgarids
TOandwP$

4.1 Linear vs. polynomial kernels

So as to evaluate the effect of the kernel in the traininggss@and in the gen-
eralization accuracy, we have trained several classification models with the
whole 635k word training set by varying the degrdg ¢f the polynomial ker-
nel and the feature sef{). The software package used in all the experiments
reported wasvm'9ht 1 A very simple frequency threshold was used to filter out
unfrequent features. In particular, we have discardedifeathat occur less than
n times, wherex > 2 is the minimum number so that the total amount of features
is not greater than 100,000. When training, the setting efttparameter has
been left to its default value. In the following subsectioves will see how the
optimization of this parameter leads to a small improvenreiie final tagger,
being thesvm algorithm quite robust with respect to parameterization.

Results obtained when classifying the ambiguous wordseértébkt set are
presented in Table 2. ‘#sv’ stands for the average numbeumbat 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 separand
the features involving theostags of the left contexts are calculated using the
correctPostag assignment of the corpus.

When using the set of atomic featurgs{), the best results are obtained with
a degree 2 polynomial kernel (93.91%). Greater degreesupeodverfitting,
since the number of support vectors highly increases analdtiwracy decreases.

When using the:-gram extended set of featuress(), the linear kernel im-
proves from 93.50% to 93.84% and becomes really competititiee degree 2
polynomial kernel orys; (93.90%). Actually, it is clearly preferable due to the
higher sparsity of the solution and the shorter learningtirimterestingly, the
advantage of the extended set of features is only noticealilee case of the
linear kernel, since accuracy decreases when used witretiree 2 polynomial
kernels.

I Thesvm!9ht software is freely available attp:/svmlight joachims.org



158 JESJS GIMENEZ & LLUIS MARQUEZ

words amb.% all% #exs #feat. #sv  x# #w Itime  ttime
50k 90.53 96.27 1,572.1 38,613 500.4 38.00 3,339.4 05127213
100k 91.90 96.81 3,141.8 72,030 879.8 38.03 5,552.2 10:52126"
200k 92.71 97.13 6,237.8 50,699 1,424.4 38.02 5,911.0 @1:3':26"
300k 93.15 97.29 9,371.4 72,988 1,959.0 38.01 7,833.8 84':B:33"
400k 93.45 97.40 12,501.9 93,660 2,490.1 38.02 9,669.2 0@47:3:36"
500k 93.67 97.48 15,672.4 89,179 2,935.4 38.04 10,102.8001h2" 3':38"
600k 93.74 97.52 17,875.2 86,273 3,218.9 38.04 10,297.5161h5" 3:36"
635k 93.84 97.56 19,951.6 90,517 3,5656.1 38.04 11,041.&211h4” 3:37"

Table 3:Accuracy results agvMTunder the closed vocabulary assumption

As a conclusion, we can state that a linear kernel, with-agram based set of
basic features, suffices to obtain highly accurst@ models relatively fast to
train. In the next section we will see how the linear solutias the additional
advantage of allowing to work in the primal setting with ayweparse 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 lineavm model. In this experiment, the
POStagger is tested in a more realistic situation, that is,gering a left—to—
right tagging of the sequence of words, with @m-line calculation of features
making use of the already assigned left-contexstags. Following the simplic-
ity and efficiency principles, a greedy left—to-right taggscheme is applied, in
which no optimization of the tag sequence is performed aséim¢éence level. We
have implemented this firstostagger prototype in Perl-5.0, which will be re-
ferred to asvmT. ThesvM dual representation based on a set of support vectors
output bysvm9"t is converted into the primal forrtw, b) using the equation
explained in section 2.

The tagger has been tested underdiesed vocabulary assumptign which
no unknown words are considered. This is simulated by dyréotluding in the
dictionary the words of the test set that do not occur in th@ing set. The
results obtained by increasing sizes of the training sepegsented in Table 3.
‘amb.” and ‘all’ columns contain accuracy achieved on ambigs words and
overall, respectively. ‘#exs’ and ‘#sv’ stand for the avgramumber of examples
and support vectors pestag, ‘#feat.’ for the total number of binary features
(after filtering), ‘#;’ for the average number of active features in the training
examples, and W’ for the average number of dimensions of the weight vectors.
‘| time” and ‘ttime’ refer to learning and tagging time. Learning and taggi
times are also graphically presented in Figuré 1.

As it could be expected, the accuracy of the tagger growstiwélsize of the
training set, presenting a logarithmic behaviour. Regaydifficiency, it can be

2 Experiments were performed using a 2Ghz Pentium-IV praresih 1Gb ofRAM.
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Figure 1:Learning and tagging time plots of SVMT by increasing sifeBetraining set

observed (Figure 1, left plot) that training time is almdsehar with respect to
the number of examples of the training set. Besides, the oesajon of thesvm
model with respect to the training set also increases wélrining set size, and
goes from 68.17% (from 1572.1 examples to 500.4 supporbrgcto 82.18%
(from 19,951.6 examples to 3,556.1 support vectors). Hewdlris compression
level would not permit an efficient tagger in the dual forrmcg thousands of
dot products would be needed to classify each word. Moredatmgly, the
model in primal form is quite compact since the weight vestoesulting from
compacting all support vectors, contains no more than Dlf@8tures among
the 90,000 possible features. Provided that the test exengpk very sparse,
the classification rule is very efficient, since a single daidpict with a sparse
vector is needed to classify each word. Basing this dot prioda the non null
dimensions of the example to classify, the tagging time @eamhntained almost
invariant (see Figure 1, right plot).

4.3 Including unknown words

The tagger results presented in the previous section diradttirealistic, since
we can not assume a closed vocabulary. In order to deal witptbblem we
have developed avm-based model to recognize unknown words. Unknown
words are treated as ambiguous words with all possiblgtags corresponding
to open-class words (18 in the Penn Treebank tagset), baiedipedsvms are
learned with particular features to disambiguate amongdstags of unknown
words. The approach is similar to that of (Nakagawa et al12@0d the features
used, which are presented in table 4, are inspired in (B885, Marquez et
al. 1999, Nakagawa et al. 2001) and consist of ortograplficrimation such as
prefixes, suffixes, capitalization, etc.

Results obtained are presented in Table 5. ‘known’ and *urgfer to the
subsets of known and unknown words respectively, ‘amb’ éodbset of am-
biguous known words, and ‘all’ to the overall accuracy. TaledlsvmT+ corre-
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All features for known words (see table 1)

prefixes S1, 8182, §158253, 51525354
suffixes Sns Sn-15n, Sn-28n-18n, Sn-35n-25n-18n
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
™nT 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 afvmMTcompared tarnT

sponds to the case in which thieparameter has been tungd.

Similar to the previous section the results obtained bystheT clearly out-
perform the results ofnT tagger and they are comparable to the accuracy of
the best current taggers (which range from 96.9% to 97.1%aim the tuning
of the C' parameter provides a small increase of performance, butasiaof
increasing the training time to almost 2@u hours.

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

5 Discussion

The work presented is closely related to (Nakagawa et all 200 that paper, a
svM-based tagger is presented and comparauhto obtaining a best accuracy
of 97.1% (when training from a 1 million word corpus). Apaxri the training
set size, the main differences between both approacheheafeliowing. Nak-
agawa’s work is focused on tagging unknown words. A ceyad-hocproce-

3 The C parameter value is 0.109 for known words and 0.096 fknown words.



SVM-BASED PART-OF-SPEECH TAGGING 161

dure is performed to tag the word sequence in two passese [firsh pass, the
tagger disambiguates the whole sentence and in the secesdtpa previously
assigned tags are assumed correct in order to extract the-cantext tag fea-
tures. This tagging overhead is also projected into trgingnce two versions,
with and without right—context tag features, must be trdingdditionally, it is
argued that one advantage of usgwgu is that it is not necessary to codify-
gram features, since polynomial kernels themselves sdcaedoing this task.
Thus, they base their best tagger in a dual solution withete@r polynomial
kernels, instead of a linear separator in the primal setting

Since they are using kernels asgm classification in the dual setting, the
tagger simply can not be fast at running time. In particldaiagging speed of
19.80 words per second (4 hours needed to tag a 285k worcetgst seported.
Training is also much more slower than ours (the time reguetraining from
a 100k word set is about 16.5 hours), probably due to the wayhich they
select training examples for eaebys

6 Conclusions and future work

In this work we have presentedsam—basedrostagger suitable for real appli-
cations, since it provides a very good balance of several goaperties foNLP
tools:simplicity, flexibility, high performance, and efénicy. The next step we
plan to do is to re-implement the taggerdn+ to significantly increase efficiency
and to provide a software package for public tise.

Regarding the study of thevm—approach some issues deserve further in-
vestigation. First, the learning model for unknown wordperimented so far is
preliminary and we think that can be clearly improved. Selceve have applied
the simplest greedy tagging scheme. Sise® predictions can be converted
into confidence values, a natural extension would be to densi sentence—level
tagging model in which the confidence value of the whole se@assignment
is maximized. Finally, unsupervised learning techniquesheeing studied and
implemented so as to alloavMT to be suitable for languages for which no la-
beled data is available.
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4 SVMT is available for public demostration atww.lIsi.upc.es/ ~nlp/SVMTool
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Abstract

We use a Dynamic Bayesian Netwoid®N) to represent compactly a va-
riety of sublexical and contextual features relevant ta-B&Speechg#o9
tagging. The outcome is a flexible tagger (LegoTag) withestdithe-art
performance (3.6% error on a benchmark corpus). We exptareffect
of eliminating redundancy and radically reducing the sizéeature vo-
cabularies. We find that a small but linguistically motivh&et of suffixes
results in improved cross-corpora generalization. We stigov that a min-
imal lexicon limited to function words is sufficient to ensureasonable
performance.

1 Part-of-Speech Tagging

Many NLP applications are faced with the dilemma whether to usessizsily
extracted or expert-selected features. There are goodnargs in support of
either view. Statistical feature selection does not regexitensive use of human
domain knowledge, while feature sets chosen by experts are aconomical
and generalize better to novel data.

Most currently availableosperform with a high degree of accuracy. How-
ever, it appears that the success in performance can belostenmgly attributed
to an across-the-board lexicalization of the task. Ind&bdrniak, Hendrickson,
Jacobson & Perkowitz (1993) note that a simple strategy cfipg the most
likely tag for each word in a text leads to 90% accuracy. Ifisis not surpris-
ing that taggers using vocabulary lists, with number ofieatranging from 20k
to 45k, perform well. Even though a unigram model achieves\aall accu-
racy of 90%, it relies heavily on lexical information and iexh to useless on
nonstandard texts that contain lots of domain-specificitestogy.

The lexicalization of theeostagging task comes at a price. Since word lists
are assembled from the training corpus, they hamper géredrah across cor-
pora. In our experience, taggers trained on the Wall Steeehal (vsJ perform
poorly on novel text such as email or newsgroup messages.(dktlingo). At
the same time, alternative training data are scarce andsieeto create. This
paper explores an alternative to lexicalization. Usinguiistic knowledge, we
construct a minimalist tagger with a small but efficient featset, which main-
tains a reasonable performance across corpora.
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A look at the previous work on this task reveals that the warigmodel is at the
core of even the most sophisticated taggers. The best-knolwbased tagger
(Brill 1994) works in two stages: it assigns the most likedg to each word in

the text; then, it applies transformation rules of the foReplace tag X by tag Y

in triggering environment Z”. The triggering environmesigan up to three se-
quential tokens in each direction and refer to words, tageaperties of words
within the region. The Brill tagger achieves less than 3.5%reon the Wall
Street JournalwsJ) corpus. However, its performance depends on a compre-
hensive vocabulary (70k words).

Statistical tagging is a classic application of Markov Misd@Ms). Brants
(2000) argues that second-ordav s can also achieve state-of-the-art accuracy,
provided they are supplemented by smoothing techniquesreahanisms to
handle unknown words. TnT handles unknown words by estirgatie tag
probability given the suffix of the unknown word and its cap#tation. The
reported 3.3% error for Trigrams 'n Tags (TnT) tagger on W (trained on
105 words and tested or0)*) appears to be a result of overfitting. Indeed, this is
the maximum performance obtained by training TnT until o29% of words
are unknown in the test corpus. A simple examinatiomvsti shows that such
percentage of unknown words in the testing section (10%®4 corpus) re-
quires simply building a unreasonably large lexicon of heall (about 44k)
words seen in the training section (90%w§J), thus ignoring the danger of
overfitting. Hiddenmms (HMMS) are trained on a dictionary with information
about the possibleosof words (Jelinek 1985; Kupiec 1992). This meansv
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 gérat&xisting taggers
have incorporated such information to some degree. The iGomal Random
Fields €rRF) model (Lafferty, McCallum & Pereira 2002) outperforms tiem
tagger on unknown words by extensively relying on orthogi@and morpho-
logical features. It checks whether the first character obedvis capitalized or
numeric; it also registers the presence of a hyphen and rotagically relevant
suffixes fed ~ly,~s,~ion,~tion,~ity,~ies). The authors note tharrbased tag-
gers are potentially flexible because they can be combingdf@ature induction
algorithms. However, training is complex (AdaBoost + Famvhackward) and
slow (10? iterations with optimized initial parameter vector; faits converge
with unbiased initial conditions). It is unclear what théateve contribution of
features is in this model.

The Maximum Entropy tagger (MaxEnt, see Ratnaparkhi 198&)ants for
the joint distribution ofPostags and features of a sentence with an exponential
model. Its features are along the lines of twr 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 frequwords in the con-
text of five words. The sizes of the current word, prefix, anffixslists were
6458, 3602 and 2925, respectively. These are supplemeyntgukbial Previous
Word vocabularies. Features frequently observed in aitrgioorpus are se-
lected from a candidate feature pool. The parameters of tuehare estimated
using the computationally intensive procedure of Geneedlilterative Scaling
(cIs)to maximize the conditional probability of the training géven the model.
MaxEnt tagger has 3.4% error rate. Our investigation examiow much lex-
ical information can be recovered from sublexical featutesorder to address
these issues we reuse the feature set of MaxEnt in a new nvaliieh we sub-
sequently minimize with the help of linguistically motieat vocabularies.

2 POS tagging Bayesian net

Our tagger combines the features suggested in the literabudate into a Dy-
namic Bayesian NetworkbgN). We briefly introduce the essential aspects of
DBNs here and refer the reader to a recent dissertation(Mur@pdg)Zor an ex-
cellent survey. ADBN is a Bayesian network unwrapped in time, such that it
can represent dependencies between variables at adjewerdices. More for-
mally, abBN consists of two model$° and B+, whereB° defines the initial
distribution over the variables at tinfie by specifying:

e set of variablesy,, ..., X,;

e directed acyclic graph over the variables;

o for each variableX; a table specifying the conditional
probability of X; given its parents in the graphr (X;| Par{X;}).

The joint probability distribution over the initial state: i
Pr(Xi, ... X,) = [] Pr(Xi| Par{X}})
1

The transition modeB™ specifies the conditional probability distributicDr(D)

over the state at timegiven the state at time-1. B* consists of:
e directed acyclic graph over the variabl&s, ..., X, and their predeces-
sorsX,,..., X, —roots of this graph;

n

e conditional probability tableBr(X;|Par{X;}) for all X; (but notX ).
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The transition probability distribution is:
Pr(Xi, ., X | X7,y X)) = [ Pr(Xi| Par{X}})
1

Between themB® and B* define a probability distribution over the realizations
of a system through time, which justifies calling theses “dynamic”. In our
setting, the word'’s index in a sentence corresponds to tirhie realizations of a
system correspond to correctly tagged English sentencekaPBilistic reasoning
about such system constitutes inference.

Standard inference algorithms foBNs are similar to those faotmMs. Note
that, while the kind obBN we consider could be converted into an equivalent
HMM, that would render the inference intractable due to a hugeltieg state
space. In @BN, some of the variables will typically be observed, whileasth
will be hidden. The typical inference task is to determine pnobability distri-
bution over the states of a hidden variable over time, giuee series data of
the observed variables. This is usually accomplished ukaéprwardbackward
algorithm. Alternatively, we might obtain the most likelgqence of hidden
variables using the Viterbi algorithm. These two kinds derence yield re-
sulting postags. Note that there is no need to use “beam search” (cf. t8ran
2000).

Learning the parameters obaN from data is generally accomplished using
the EM algorithm. However, in our model, learning is equivdlto collecting
statistics over cooccurrences of feature values and tags.igimplemented in
GAWK scripts and takes minutes on thesJ training corpus. Compare this to
GIs or IS (Improved lterative Scaling) used by MaxEnt. In lameNs, exact
inference algorithms are intractable, and so a variety pf@pmate methods
has been developed. However, as we explain below, the nushibétden state
variables in our model is small enough to allow exact alponi to work. For
the inference we use the standard algorithms, as implechémtihe Bayesian
network toolkit BNT, see Murphy 2002).

We base our originabsN on the feature set of Ratnaparkhi's MaxEnt: the
set of observable nodes in our network consists of the cuwerd 1V;, a set
of binary variables”;, H; and N; (for Capitalization, Hyphen and Number) and
multivalued variables?; and S; (for Prefix and Suffix), where the subscript
stands for position index. There are two hidden variablésand M; (Posand
Memory). Memory represents contextual information abbatantepenultimate
postag. A special value of Memory (“Start”) indicates the begig of the
sentence. Theos values aret5 tags of the Penn Treebank tag set (Marcus,
Kim, Marcinkiewicz, Maclntyre, Bies, Ferguson, Katz & Sebarger 1994).

Figure 1 represents dependencies among the variablestlyCteags model
makes a few unrealistic assumptions about variable indkpwe and Markov
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Figure 1:DBN for PoStagging.
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property of the sequence. Empirically this does not preagmbblem. For the
discussion of these issues please see Bilmes (2003) whimgsimilar models
for speech recognition. Thus, probability of a completeusege ofPostags
T, ...T, is modeled as:
Pr(T)...T,) = Pr(Ty)xPr(F|T)) X Pr(Ty|T1, Start) x Pr(Fy|Ty) X Pr(Ms|Th)
x T177 Pr(Ty| Ty, Mi 1) x Pr(M;| Ty, My 1) x Pr(F|T})
X Pr(T,|T_1, My_1) x Pr(F,|T5,),
whereF; is a set of features at indéx [1..n] and:

Pr(F;|T;) =Pr(S;|T;)xPr (P|T;)x Pr(W;|T;) x Pr(C;|T;)x Pr(HJ|T;)x Pr(Nj

T)

These probabilities are directly estimated from the trajréorpus.

3 Experiments and Results

We use sections 0-22 ofsJfor training and sections 23, 24 as a final test set.
The same split of the data was used in recent publicationstgdfiova & Man-
ning 2002; Lafferty, McCallum & Pereira 2001) that repoitatevely high per-
formance on out-of-vocabulary (OoV) items. The test sectioontain 4,792
sentences out of about 55,600 total sentencessincorpus. The average length
of a sentence is 23 tokens. The Brown corpus is another paifenn TreeBank
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dataset, which is of a similar size wsJ (1,016,277 tokens) but quite different
in style and nature. The Brown corpus has substantiallyeritdxicon and was
chosen by us to test the performance on novel text.

We begin our experiments by combining the original MaxEatdiee set into
aDBN we call LegoTag to emphasize its compositional nature. Tl net-
work achieves 3.6% error (see Table 1) and closely matchetsothMaxEnt
(3.4%). Our first step is to reduce the complexity of our tadagcause 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 94 51.7

Table 1:Results for Full LegoTag owsJ

forming inference on theBN containing a conditional probability table ¢5?
elements for Memory variable is cumbersome. At the cost obmdeterioration
in performance (3.9%, see Table 1), we compress the repatieenby cluster-
ing Memory values that predict similar distribution overr@nt tag values. The
clustering method is based on Euclidian distance betwatdimensional prob-
ability vectorsPr(7;|T;_;). We perform agglomerative clustering, minimizing
the sparseness of clusters (by assigning a given point toltiséer whose far-
thest point it is closest to). As a result of clustering, thenber of Memory
values is reduced nine times. Consequently, the condltfmoaability table of
Memory andposbecome manageable.

As a second step to simplification of the network, we elimerfaature re-
dundancy. We leave only the lowercase form of each word,xpaefil suffix in
the respective vocabulary; remove numbers and hyphenstftermocabulary,
and use prefix, suffix and hyphen information only if the toienot in the lex-
icon. The size of the factored vocabularies for word, prefid auffix is 5705,
2232 and 2420 respectively (a reduction of 12%, 38% and 1Z#mparing the
performance of LegoTag with factored and unfactored featalearly indicates
that factoring pays off (Table 1). Factored LegoTag is betteunknown words
and at the sentence level, as well as overall. In additiatofang simplifies the
tagger by reducing the number of feature values. We repogetkinds of re-
sults: overall error, error on unknown words (OoV), and gartence error . Our
first result (Table 2) shows the performance of our netwottkaetit the variable
Word. Even when all words in the text are unknown, sublexieatures carry
enough information to tag almost 89% of the corpus. Thisesgcate is essen-
tially the same as the success rate of the unigram taggersdisd by Charniak,
Hendrickson, Jacobson & Perkowitz (1993). However, no& the unigram
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Type of LegoTag Error
H N C P S W Ave OoV Sen
+ 4+ + + + - 113 113 84.0
- - 4+ - - 4+ 61 306 69.0

- - 4+ 93 476 1.7

Table 2:Results of de-lexicalized and fully lexicalized LegoTagAigJ

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

To demonstrate this, we test two degenerate variants: oiehwélies only
on lexical information, and another which relies on lexio&rmation plus capi-
talization. Lexical information alone does very poorly arknown words, which
comes to show that context alone is not enough to uncovewotheatros

We now turn to the issue of using the morphological cuesds tagging
and create a linguistically “smart” network (Smart Lego)laghose vocabular-
ies contain a collection of function words, and linguistlicaielevant prefixes
and suffixes assembled from preparatory materials for tiyfisfnlanguage sec-
tion of college entrance examination (Scholastic Aptitddst). For example,
the function word vocabulary contains all forms of the vebe™, all question
markers (wh-words), modals, prepositions and some noreteadverbs (like
“there”). The vocabularies are very small: 315, 100, andr&gpectively. The
percentage of unknown words depends on vocabulary sizethEdarge lexi-
con of LegoTag it is less than 12%, while for the Smart LegaVegpse lexicon
contains only function words which are few but very freqigihts around 50%.
In addition, two hybrid networks are created by crossingstiféix set and word
lexicon of the Full LegoTag and Smart LegoTag.

The results for the Smart LegoTag, as well as for the Hybrigdlags are
presented in Table 3. They suggest that nonlexical infdonds sufficient to as-
sure a stable, albeit not stellar, performance across tarf@mart LegoTag was
trained onwsJand tested on bottvsyand Brown corpora with very similar re-
sults. The sentence accuracy is generally lower for the Biaawpus than for the
WSsJ corpus, due to the difference in average length. The HybegoTag with
big suffix set and small word lexicon was a little improvemever Smart Lego-
Tag alone. Notably, however, it is better on unknown wordstRull LegoTag
on the Brown corpus.

The best performance across corpora was registered by ¢hadsélybrid
LegoTag (with big word lexicon and small suffix set). This igeay interesting
result indicating that the nonlinguistically relevant fsuds in the big lexicon
contain a lot of idiosyncratic information about thesa corpus and are harmful
to performance on different corpora. Full LegoTag and SiregbTag encounter
qualitatively similar difficulties. Since function wordseapart 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 Brown
5705 2420 3.9 10.0 554 10.1 234 679 11.6 15.4
5705 72 4.4 14.0 58.7 7.7 219 69.3
315 2420 6.4 10.5 70.3 10.1 17.8 76.7 49.2 40.8
315 72 9.6 17.1 822 114 223 829

Table 3:Results for Smart and Hybrid LegoTags

both networks, there is no significant change in the suc@ssover function
words. The biggest source of error for both is the noun/aidg¢NN/J) pair
(19.3% of the total error for Smart LegoTag; 21.4% of theItetaor for Full
LegoTag). By and large, both networks accurately class$iéy groper nouns,
while mislabeling adverbs as prepositions and vice verdae [atter mistake
is probably due to inconsistency within the corpus (see &=trkhi 1996 for
discussion). One place where the two networks differ cataligly is in their
treatment of verbs. Smart LegoTag often mistakes bare \arbsf for nouns.
This is likely due to the fact that a phrase involving “to” aadollowing word
can be interpreted either analogously to “to mom” (t&IN) or analogously to
“to go” (to + VB) in the absence of lexical information. Similar types of imxts
could account for the overall increased number of confusaiiverb forms with
nouns with Smart LegoTag. On the other hand, Smart LegoTagch better at
separating bare verb formgg) from present tense verbggP) because it does
not rely on lexical information that is potentially confogisince both forms are
identical. However, it often fails to differentiate preseerbs {¥BP) from past
tense verbs\BD), presumably because it does not recognize frequent laegu
forms. Adding irregular verbs to the lexicon may be a way gbiaving Smart
LegoTag.

4 Conclusion

DBNs provide an elegant solution tmstagging. They allow flexibility in se-
lecting the relevant features, representing dependeangtszducing the number
of parameters in a principled way. Our experiments withsal tagger under-
line the importance of selecting an efficient feature see Esults clearly show
that eliminating redundancies in the feature vocabulamgsoves performance.
Furthermore, while maximal lexicalization can lead to adxetcore on one cor-
pus, it leads to overfitting. Our solution is to reduce lekizion by relying on
sublexical features. This stratey leads to comparabl@paegnce on one corpus,
while mainting a higher capacity for generalization. Dételized taggers make
fewer errors on unknown words, which naturally results irren@bust success
rate across corpora.
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The relevance of a given feature p@s tagging varies across languages. For
example, languages with rich morphology would call for aagge reliance on
suffix/prefix information. Spelling conventions may incsedhe role of the Cap-
italization feature (e.g., German). In the future, we hapddvelop methods for
automatic induction of efficient feature sets and adaptotke tagger to other
languages.
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Accurate Annotation: An Efficiency Metric

ANTONIO BRANCO & JOAO SILVA
University of Lisbon

Abstract
When accurately tagging corpora for training and testingraatic POS
taggers, research issues tend to focus on how to ensuretéggity and
consistency of the data produced. The issues we addresaresirestead:
Provided that integrity and consistency are guaranteed thevaluate the
complexity and efficiency of different accurate tagginggadures?

1 Introduction

While for automatic tagging, both issues of efficiency andusacy have been
addressed, for hand tagging, in turn, research tends t@ famund the issue of
accuracy (Voutilainen 1999). This is understandable asfiill accuracy that is
sought by the hand tagging as this is its specific respoitgibilthe production
cycle of automatic taggers. However, efficiency is defigitdbo a relevant issue
here: provided integrity and consistency of the data camisared, what is the
most efficient way — requiring the least amount of time — to@tate a corpus
with full accuracy?

This question is not only relevant in itself but also becabhsee is a growing
perception that the way to obtain better automatic taggeis have larger train-
ing corpora than the ones that have been used so far. RegBi@riiko & Brill
(2001) suggest that the learning curve for machine leartgéngniques used to
extract linguistic knowledge of various kinds, includirag Postagging, is log-
linear at least up to 1 billion tokens of training size. Maren for the specific
task studied in that paper, the best performing algorithrerwthe training size is
1 million tokens turns out to be the worst performing one wtientraining size
is increased by 3 orders of magnitude. These authors unddHat this “sug-
gests that it may make sense for the field to concentratedenadily more effort
into enlarging our training corpora and addressing schifamsues, rather than
continuing to explore different learning methods appliedhe relatively small
extent training corpora” (p.1).

As the motto becomes “the larger the better”, even if it wal fpossible to
design better technigues to compress training data, the foeenassive hand
labelling not only does not disappear but increases giveretseems to exist
no limit for the desirable increase of the size of accuralaglled corpora and
consequently for the increase of annotation labor.

The question about the efficiency of accurate tagging is thlevant. To
seek an answer for it, one needs a sensible methodologyeotidgly estimate
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the complexity of the manual tagging of a corpus; and to etaland rank major
procedures followed for accurately tagging corpora adogrtb their complex-

ity.
2 An objective metric for annotation efficiency

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

Such a metric has to measure what is essential for the compleixthe
annotation task and abstract away from contingent aspéttsas also to be
predictive in the sense that it should not need full or phdimpletion of an
annotating task for the complexity of this task to be knowfok#hand.

Asking a human, or a group of humans, to tag a portion of a cgnd
then registering the amount of time consumed by them willdet Not only
this fails to support a predictive viewpoint, as it does niosteact away from
nonessential aspects: Differently skilled annotators take different amounts
of time to complete a task of the same size; different ergoa@mvironments
will induce different working rhythms, etc.

Abstracting away from contingent aspects, what remaink@gssential di-
mension in the complexity of tagging is the number of decisiteps required.
The number of decision steps to annotate a corpus is propattio the number
of tokens that exist in that corpus to be annotated. It is pisportional to the
number of tags in the tag set, that is to the number of tagshtha to be ex-
cluded to determine the tag to be assigned (i.e., the siZeec$¢arch space to
find the correct tag).

If stripped away from contingent details, hand annotatian be conceptu-
alised as the procedure performed by an agent using thevintiofacilitating
tool: When in a given point of a corpus, the tool jumps to thetieken to be
tagged, skipping over the tokens that need not be tagges; aftoken is se-
lected, the agent scans through a list of tags (e.g., in a doagm menu) and
choose which one to assign. To abstract from possible diffas of the agents
and isolate the intrinsic complexity of the procedure, wkaheasured is not the
time consumed but the number of steps necessary to compketessignment
task.

Accordingly, to determine the complexity of hand taggingnfr scratch a
corpus, one just needs to know the size of the corpus and ahthset. If the
corpus has N tokens and the tag set T tags, for each t¢Ken,1)/2 decision
steps are needed on average to find the tag to be assidiette, the complexity

1 Under the assumption that the tags are equiprobable: Moti®below.
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of accurately tagging that corpus is proportionalN¢(T + 1)/2] of what we
termed standard tagging steps (sts).

Two important comments are in order here before proceedkitgt, this
metric is not aimed at providing a measure to determine thgptexity involved
in annotating a specific token in a specific occurrence: Trger® pretension
that the abstract procedure described above has any kirsydfiplogical reality.
Second, this metric is not aimed either at determining anlabsmeasure of the
complexity of annotating a specific corpus: There is no mst that the best
device to support the hand annotation of a corpus should bettat permits
picking one tag in a drop down menu, as a simple voice commagttrwell
be envisaged as a better alternative. As we hope to makeicldea discussion
below, this metric is to be used as an objective basis to ksttalin general
terms, a comparative assessment of the average efficierdiffexent methods
that might be conceived to accurately hand annotate a conpusostags.

3 Accurate tagging

Turning now to the identification of the major conceivableqadures to anno-
tate a corpus, we will be assuming that the preparatoryrpiediries had been
accomplished, the tag set was defined, the facilitationitoiol place, etc.

3.1 From-scratch methadThe baseline strategy to accurately tag a corpus
consists simply in hand annotating it token by token withappropriate tags.

3.2 Train-tag-review methadOn a par with this strategy, a method has been
advocated based on a “bootstrapping” approach. As far asese able to trace,
its first proposition in a published paper was due to (Day.€1297).

This procedure consists in hand tagging a portion of theusgnd using
the outcome as seed data to train a first tagger. This taggsedsto tag another
stretch of text. The annotation produced is reviewed. Thepgertions of text are
put together and used to train a second tagger, with betteracy than the first.
This cycle can be iterated, with increasingly larger pori@ccurately tagged
and increasingly accurate automatic taggers.

3.3 Sieve methadAnother “bootstrapping” procedure of a different kind,
based in a two-step strategy, can yet be conceived. In tlimdetep, the human
annotator just tags the portion of the corpus whose taggeng ot terminated
in the first step. The first step is accomplished by a “sievitagl. This tool
reduces both the number of tokens that are left to be taggéthansize of the
list of admissible tags to be assigned by the human anndtatbe second step.

This procedure explores regularities concerning so-g¢atlesed and open
classes of words.

Closed classesthe few hundreds lexical items of closed classes exhibjt ver
high frequencies. With the help of library reference grammaad online dictio-
naries: (i) collect the list of those items not pertaininghte classes of Common
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Nouns, Adjectives, Verbs, Adverbs ending-ip, Proper Name3;(ii) associate
each such item with the exhaustive list of its admissible {@iher from closed
or open classes); (iii) assemble a sieving tool that by srfeical lookup, when
run over a corpus, tags the tokens of each type collectegl witfi their admis-
sible tag(s).

Open classesMany items from open classes result from a few derivational
processes. As a rule, these processes and the categoriesretulting words
can be identified from the word endings. With the help of rrfiee grammars
and online dictionaries: (i) collect a list of those word gy and corresponding
categories; (ii) for each word ending, collect the corregfiog exceptions, i.e.,
words with that ending but with a category not resulting fritva corresponding
morphological processf{iii) extend the sieving tool so that after it has tagged
closed class tokens, it detects tokens from open classebeha endings like
those in (i) or are one of the exceptions in (ii), and assigesitthe admissible
tag(s)?

This sieving/tagging tool designed along these lines per$ahe first, siev-
ing step. In the second step, tokens tagged with only onertagkipped by the
human anotator as they are already accurately tagged. tbedamokens that re-
ceive more than one tag, it is enough to pick one of the tagsqursly assigned.
For tagging tokens with no tag yet, it is enough to pick onehef fiew tags of
the open classes left: As adverbs endinglynwere dealt with by the sieving
tool, there will be four tags to opt for — Common Nouns, Adjees, Verbs and
Proper Names.

4 Efficiency

In order to check the effectiveness of the metric for tagginmplexity, it is
now used over each tagging procedure just described. Faatteof having a
concrete basis for discussion, let us assume that our taskonsccurately tag a
corpus with, say, 1 million tokens with an average sized &igwth 39 tags (cf.
Annex). In what follows, it will become apparent that the garative results
arrived at would not be affected in case the discussion ekaopted for was
different.

2 See the tag set used in the Annex

3 E.g.,ally _CNis an exception to the rule that assigki3Vto tokens ending inly.

4 This tool is easily extended to tag also numbers and othemmkhat can be described by
regular expressions.

5 Full accuracy is ensured by the fact that if an item was taggeile first step, it is because
it is in the list used by the sieving tool; if it is entered irttos list, it is possible and easy to
make an exhaustive collection of all its admissible catiegoiull coverage of closed classes
(or derivationally obtained words from open classes), m.,tis not easy to ensure, but this
is harmless: if an item is not entered in the list used by theisg tool, that item does not
receive any tag in the first step and will be found (and acely&gged) 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 Whic
tag to choose for each of the 1 million tokens out of a tag sttt 88 tags. If the
tags had identical probability of being selected, the aam of our working
corpus would require 20 Msts 1" - [(39 + 1) /2].

Lower bound. However, the tags are not equiprobably selected as differen
classes of words have different frequencies. The aboveyahcomplexity can
be reduced if the list of tags presented to the annotatorerdtbp down menu
of the facilitating tool (from which he selects the one toigisyis ranked by
the decreasing frequencies of the tags. Hence, a more fretage will need
less decision steps to be assigned than those required by &dguent tag (cf.
Annex).

To recalculate the complexity value, we take the typicalgalfor the relative
frequencies of different classes. This permits to rankadlye tind determine how
many steps each tag requires to be assigned. In this papesetbe frequencies
of the tags in the Annex observed in an accurately taggedisarpPortuguesg.

The task of annotating, e.g., the Adverbs in our working asrpwvill now
require?7 x 0.0529 x 10° sts as the assignment of tapVto each of thé.0529 x
10% adverbs takes seven steps.

The lower bound for the complexity of our tagging task is aied by the
summation of the similarly computed values for every tag.isTdmounts to
5 194 129 std. 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 progedthere is a range of
options concerning the size of the portion to be used as saddd the size of
each portion to be covered in subsequent tag-review itersiti

Upper bound. Step 1: Considering the learning curves in (Brants 2000),
for the sake of simplicity, we assume that an initial, 90%uaacy tagger can
be obtained with a training corpus of 10 Ktokens. Annotatrigxt of this size
with the facilitating tool with the tags ranked by decregsfrequencies has a
complexity of 51 941 st8.

Step 2:To improve the accuracy of the tagger from 90% to 95%, theitngi
corpus is enlarged from 10 to 100 Ktokens. This is done byingthe initial
tagger over a new portion of 90 Ktokens and then reviewingotiteome. 81

% For a discussion of this option, see Section 6. The corpus hias 260 Ktokens accurately
tagged with the tag set in the Annex. It contains excerptsifreews articles, magazines,
and fiction novels. We are grateful to Fernanda Nascimerdo®analia Mendes (CLUL) for
having granted access to it.

T=10% x (1 x 0.1537 +2 x 0.1445 + 3 x 0.1439 + - --) = 5 194 129.

8 =10% x (1 x 0.1537+ 2 x 0.1445 + 3 x 0.1439 + - --) = 51 941.
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Ktokens (90% of 90) will be correctly and 9 Ktokens incorte¢agged. In the
reviewing process, each of the 81 Ktokens needs 1 sts tokoitditag, and each
of the remaining 9 Ktokens need as many steps as if it was tometated from
scratch. For the latter, 46 747 sts will be needlddhe annotation of this second
portion of 90 Ktokens requires thus 136 747$ts.

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 taggarawew portion
of 900 Ktokens and then reviewing the result. 855 Ktoken&4@86 900) will
be correctly and 45K incorrectly tagged. As in step 2, eactheB55 Ktokens
requires 1 sts to confirm its tag; each of the 45 Ktokens negdsaay steps as
if it was tagged from scratch: 233 736 sts. The annotatiomisfthird portion
with 900K thus requires 1 088 736 sfs.

The task of tagging the working corpus is now complete andalfige for its
complexity is obtained by summing up the values obtainedahef the above
steps. The result is 1 272 230 $ts.

Lower bound. A lower bound for the complexity of the tag-train-review
procedure is obtained by assuming that we start already aviB% accuracy
tagger, previously developed upon independent training. dahis means that
the training steps will be bypassed.

After running this tagger over the 1 million corpus, the tagsigned to 98%
of it need to be confirmed, while the other 2% are to be reviewgdch of
the 980 Ktokens (98% of 1M) requires 1 sts to confirm its tagchEaf the
remaining 20 Ktokens requires as many steps as if it was tagpged from
scratch. This involves 103 883 $f5.Taking these values together, the lower
bound is determined as 1 083 883 4ts.

Considering the figures obtained for the upper and lower 8sgoncerning
the tag-train-review procedure, its complexity is estdaas lying in the range
1.1-1.3 Msts.

4.3 Sieve

To estimate the complexity of the new sieve method, we impleted a siev-
ing tool along the lines described in the Section 3.3 lower bound for the
complexity of this method is calculated assuming that tiégisg tool has a
heuristics to detect Proper Names with 100% precision acallréon the basis

9=9x10% x (1 x 0.1537 +2 x 0.1445 + 3 x 0.1439 + - - ) = 46 747.

10— 90 000 + 46 747 = 136 747.

11— 855000 + 233 736 = 1 088 736.

12 — 46 747 4+ 136 747 4+ 1 088 736 = 1 272 230.

13 =20 x 10* x (1 x 0.1537 + 2 x 0.1445 + - - -) = 103 883.

14 — 980 000 + 103 883 = 1 083 883.

15 Following Day et al. (1997), we do not add programming effothe overall tagging complex-
ity. The sieving tool used in our experiment is now availablbe reused for the annotation of
other corpora, so in the long run, its implementation co$itbe negligible anyway.
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of the first letter being capitalized, plus a few rules to Harekceptions). The
upper bound, in turn, is calculated by assuming that thergiewol 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 faNing results were
obtained: No tags: 64%; One tag: 16%; More than one: 20%.

From these values, it can be extrapolated that around 64U efarking cor-
pus of 1 million tokens may be accurately tagged simply bymg the sieving
tool over it, i.e., without any increase in the complexitytioé task of accurately
annotating that corpus.

Given this tool is designed to tag a given token iff it assigris all its admis-
sible tags, to the other portion of the corpus with tokensitheeived more than
one tag, we refer as the directly detected ambiguity poif2®@36). We refer to
the portion of the corpus with tokens that received no tagndsectly detected
ambiguity portion (16%).

The tag to assign to each token in the directly detected auithigortion is
selected from the tags already assigned by the sievingToastimate the com-
plexity of the subsequent disambiguation task, the diffedegrees of ambiguity
involved should be considered. The distribution of tokeiith weveral tags as-
signed to them is: 2 tags, 59.23%; 3, 29.14%; 4, 0.63%; 5,%0,0 1.18%;
MWU, 9.34%.

Most of the directly detected ambiguity involves 2 tags pdeh. As the
number of tags per token increases, the frequency of suclyaitibs decreases.
MWU is a special case of ambiguity where the elements in aeserpiof tokens
are individually or collectively tagged as a single MWU.

Getting back to the 1 million corpus, the above considenatinply that ca.
200 Ktokens (20%) can be annotated by picking the correcfrtag the tags
assigned by the sieving tool. For 29.14% of these 200 Ktgkenistance, this
requires picking one tag out of three, thus involving on ager2 sts. Repeating
this calculation for each level of ambiguity, the complgxdf accurately anno-
tating the directly detected ambiguity portion in the workicorpus is estimated
as 346 360 st¥'

Turning to the indirectly detected ambiguity portion, oMperiment shows that
after running the sieving tool, ca. 160 Ktokens (16%) reegio tag. Given
the tool exhausted the tags to be assigned to closed cldsseBrpper Names,

16 There is an odd increase in the frequency of ambiguitiesivg 6 tags due to two specific
Portuguese forms, viz. como and nada. Both are very frequrehambiguouscomoreceives
the tagdNT, REL, CJ, PRER ADVandV, andnadareceivedN , DIAG, ADV, CN ADJ and
V.

17 =200 x 10% x (1.5 x 0.5923 + 2 x 0.2914 + 2.5 x 0.0063 + 3 x 0.0009 + 3.5 x 0.0158 + 2 x
0.0934) = 346 360. We assumed that on average two inspection steps are rédqoireview
potential multi-word lexical units.
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every token in this portion is potentially ambiguous betwé#eee open classes:
Adjective, Common Noun or Verb. The task of hand tagging ssrieted now to
picking one of these three tags.

With the tagged version of the exp-corpus used in the experinit is pos-
sible to determine that Common nouns are 49.8%, Verbs 36ritb#\djectives
13.5% of the indirectly detected ambiguity portion. Thiwwais to measure the
complexity of the task of annotating the last 160 Ktokenshef working cor-
pus, yet to be tagged. The three possible tags remainingaaked according
to the decreasing order of their frequencies in this portidauns, Verbs, Ad-
jectives. This implies that, for instance, tagging eachegtye requires 2 sts
and annotating every Adjective in this indirectly detecéeabiguity portion in-
volves 43 200 st& Putting all the figures together, tagging the last 16% reguir
261 920 sts?®

Collecting the values for both directly and indirectly detsl ambiguity, the
lower bound value for the complexity of tagging our workingrjmus with the
sieving procedure is 608 280 &ts.

Upper bound. The upper bound is determined by assuming that the sieving
tool is not prepared to handle Proper Names. As Proper Nareeg¥ of the
exp-corpus, this implies that the indirectly detected ayualby portion is enlarged
now from 16% to 23% and the tags available to tag this portrennaw four:
Common Nouns, Adjectives, Verbs and Part of N&n&he exp-corpus allows
also to know that Common nouns are 34.9%, Part of Names 298445 25.7%,
and Adjectives 9.5% of the indirectly detected ambiguitytion.

It is now possible to obtain the complexity for the indirgctletected am-
biguity portion in the working corpus, with 230 Ktokens (2B%t amounts to
482 540 stg?

Note that under this upper bound scenario, the value forahgtexity of an-
notating the directly detected ambiguity portion is the sa® the value obtained
under in the lower bound scenario: the tokens tagged as Pldetroes then are
assigned only one tag thus being part of the 64% of the compuieatly tagged
with the sieving tool. Taking thus that value for the comjilexf tagging the
directly detected ambiguity portion together with the egjlust calculated above
for the indirectly detected ambiguity portion, we obtair8&00 st$® as the up-
per bound value. Taking the values for the upper and lowent®of the sieve
method, its complexity can be estimated as lying in the r&$=-829 Ksts.

18 =160 x 10% x 2 x 0.135 = 43 200.

19 =160 x 10® x (1 x 0.498 + 2 x 0.367 + 3 x 0.135).

20 = 346 360 + 261 920 = 608 280.

21 The tokens ambiguous between Proper Names and anothemag hesidual value so it can
be safely assumed that these 7% were displaced from thepdnat received only one tag.

22 =230 x 10% x (1 x 0.349 4+ 2 x 0.299 + 3 x 0.257 + 4 x 0.095).

23 = 346 360 + 482 540 = 828 900.



ACCURATE ANNOTATION: AN EFFICIENCY METRIC 181

5 Discussion

The values of the upper and lower bounds of tagging compldaitthe three
procedures are compiled in the table below as well as thdesflig gains by
each of them with respect to the others:

scratch t-t-r sieve
Ksts b ub b up b
scratch upper 20000 74.03 93.64 9458 9585 96.96
lower 5194 7551 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 guoeewith the
worst results from the other procedures, the from-scratethad is confirmed
as the least efficient one. Any of the other methods permémédrtic savings in
terms of hand tagging effort: The train-tag-review allowsave at least 75.51%
of the annotation effort, while the sieve method permitsavesat least 84.04%.

The results are more instructive when it comes to comparawbemore
efficient procedures. In the worst case (the train-tagesevprocedure’s best
score is compared with the sieve procedure’s worst scdre)latter permits to
save almost one fourth (23.52%) of the annotation effordaddf the former
method is adopted. If the procedures are compared on an femquialg (taking
the best scores), the advantage of the sieve method oveathdag-review one
is larger: It permits to save well over one third (43.90%)af &nnotation effort.

5.1 Invariance While the metric for determining tagging complexity is in-
dependent of the corpora to be tagged and the human langimagésch the
data is encoded, the same may not be the case for the compderites of the
different annotation procedures. Different corpora haWkement distributions
for the frequencies of tags. When using one of the bootsimggmocedures to
tag two corpora, it is likely that the two tasks show diffareamplexity values.
However, as for each tag, the fluctuation of its relative dietpy with respect
to different corpora tend to be limitédand it is much less than the difference
between the complexity of the different methods, the caiohs drawn from
the comparison exercise above concerning the ranking gfrtggorocedures are
expected to remain basically valid for a wide range of défercorpora.

The same invariance may not hold, however, when differerguages are
considered, especially if they belong to different langugamilies. When con-
sidering generic, large-scale corpora from different leagges that can be tagged
with the same or approximate tag sets, the relative freqasmé Postags may
present considerable differences. If these differencekasge enough to have an

24 The sieving tool was used over a second corpus with 11.5amitbkens extracted from the
corpus available dittp://cgi.portugues.mct.pt/cetempublico/ . The values
obtained deviate at most 1 point from the values present8éation 4.3.
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impact on the ranking of the tagging methods according tio teenplexity now
obtained, this is something that has to be empirically \estifor each particular
case.

5.2 Concluding remarkdnhile it is important to keep in mind that the rank-
ing of fully accurate tagging procedures may not be indepenhdf the particular
language being considered, it is worth noting that the geee fis not to present
a definitive ranking of such procedures valid for all langem@something con-
ceivably not possible). Rather, the aim was to show thatfgasible to design
an objective, standard metric to predict such ranking whiferdnt procedures,
different corpora or different languages are taken intmant; that the rank-
ing produced is reliable for guiding one to opt for the mositeft procedure;
and that the efficiency gains detected (and correspondiing gaterms of labor
costs) appeared to be so dramatic that a decision on whideguoe to opt for
in each case should be considered with the help of such aanetri

Tag Category Freq. Cplx. Tag Category Freq. | Cplx.
Annex (%) | (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
\Y 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
1A indef. article 161 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 Orienteatsify
(popP) model was shown to suffer from biased parameter estimaéiod
the good performance seems more the result of ad hoc adjuistriiean
consistent probabilistic generalization. Recently, a mstimation pro-
cedure was suggested, called Backoff Estimation,pfor models based
on Phrase-Structure annotations. Backoff Estimationadesifrom ear-
lier methods in that it treats the model parameters as ayhigthlictured
space of correlated events. In this paper we extend thisaddtwards
DopPmodels based on Lexical-Functional Grammar annotatioesL(FG-
DoP). We show that the FG-DOP parameters also constitute a hierarchi-
cally structured space. Subsequently, we adapt the BaElstiffhation al-
gorithm fromTree-boP to LFG-DOP models. Backoff Estimation turns out
to be a natural solution to some of the specific problems afsbparsing
underLFG-DOP.

1 Introduction

The pormodel (Bod 1995, Bod 2001) currently exhibits good perfaroeaon
impoverished phrase-structure tree-banks. The phrasetwteDoP model, called
TreeDOP, works with the common rewrite operation of substitutioniaContext-
Free Grammars). Despite the simple formalism underlyireg-DoP, proba-
bility estimationturns out not as straightforward as itiadly seemed. Preced-
ing studies (Johnson 2002, Sima’an & Buratto 2003) have shihw bias of
three estimation procedures fameebop, (Bod 1995, Bonnema et al. 1999, Bod
2001). Recently, Sima’an & Buratto (2003) show that tlieeDopP parame-
ters cannot be assumed disjoint events, because they apidepértial order
that structures these parameters according to their atimes of occurrence.
Sima’an & Buratto (2003) also present an algorithm, Baclksfimation, that
takes into account this fact during parameter estimatiorrfeebopr. Prelim-
inary experiments show improved performance, despitertipoverished first
implementation.

In this paper, we study parameter estimation for the exdensiborp to lin-
guistic annotations that are richer than phrase-strucWye concentrate on the
extension obop to Lexical-Functional GrammargG) annotations, i.e.FG-
DOP (Bod & Kaplan 2003). Naturally, the problem of biasedestioracarries



184 MARY HEARNE & KHALIL SIMAAN

S S
/\
S o NP VP ° NP _ NP VP
S | T~ | | T~
John \ NP Mary John \4 NP
NP VP \ | |
| o~ loves loves Mary
John \'4 NP s S
| |
loves Mary || N e s NP _ NP _ NP VP
P | | | N
\Y NP John Mary John V NP
. |
Flgure 1:A toy loves IO\‘/es Mllry
treebank , . o
Figure 2:Two different derivations of the same parse
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Figure 3:The subtrees of the treebank in Figure 1

over fromTreeDOP to LFG-DOP. In fact, the bias irrreeDoP is further com-
pounded with specific aspectsId#G-DOP that allow for robust processing that
can be achieved by abstraction over actually occurrindbtmele structures. We
show how Backoff Estimation applies t&G-DOP, and how it naturally realizes
a specific model architecture that was observed to work bestperiments by
(Bod & Kaplan 1998, Bod & Kaplan 2003).

Section 2 provides a review of theeebopP model. Section 3 reviews the
Backoff Estimation algorithm. Section 4 reviewss-DOP and section 5 extends
the Backoff Estimation algorithm toFG-Dop. Finally, section 6 provides the
conclusions from this work.

2 Tree-DOP: Phrase-structure

The Data Oriented ParsingreeDoP) model currently exhibits state-of-the-art
performance on benchmark corpora (Rens2001). Like oteeb#mk models,
TreeDOP extracts a finite set of rewrite productions, calldtreesfrom the
training treebank together with probabilities. A conndcseibgraph of a tree-
bank tree is called asubtreeiff it consists of one or more context-free produc-
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tions' from ¢. In operational terms, a subtree is determined by seledtiray
treebank tree (1) the node that will correspond tortiet and (2) the nodes that
correspond to th&ontier nodef that subtree. Following (Bod 1995), the set of
rewrite productions ofreeDoP consists ofll the subtrees of the treebank trees.
Figure 3 exemplifies the set of subtrees extracted from dwbamk of Figure 1.

Treebopemploys the set of subtrees as a Stochastic Tree-SulmtitGtam-
mar (STSQ: aTSGis a rewrite system similar to Context-Free Grammars§);
the only difference is that the productions ofrac are subtrees of arbitrary
deptlt. A TsG derivation proceeds by combining subtrees using the subeti
operationo starting from the start symbd of the TSG. In contrast withcFG
derivations, multiplersG derivations may generate the same parse. For exam-
ple, the parse in Figure 1 can be derived at least in two @iffeways as shown
in Figure 2. In this sense, theeeDOP model deviates from other contempo-
rary models, e.g., (Charniak 2000), that belong to the ded&listory-Based
Stochastic GrammaH@sG) family (Black et al. 1993). The latter models gen-
erate every parse-tree through a unique stochastic derivat

A StochasticrsG (STs@ is aTsG extended with a probability mass function
P over the set of subtrees: the probability of subtreat has root label,, is
given by P(t|R;) i.e., for every non-terminall: -, _ ,, P(¢t] A) = 1.

Given a probability functior, the probability of a derivatio® = S o t; o
.- ot, is defined byP(D | S) = ], P(ti|Rs;). The probability of a parse is
given by the sum of the probabilities of all derivations thaherate that parse.

When parsing an input sententeunder atreeDoP model, the preferred
parseT is the Most Probable ParsePP) for that sentenceirg maxy P(T|U).
However, the problem of computing tMPPis known to be intractable (Sima’an
2002). In contrast, the calculation of the Most Probablei2¢ion (MPP) D
for the input sentenc# i.e., arg max,, P(D|U), can be done in time cubic in
sentence length.

The problem of how to estimate the subtree probabilitiemfitreebank
is not as straightforward as originally thought. As shown in (Bema et al.
1999, Johnson 2002, Sima’an & Buratto 2003), the commornrsabtlative-
frequency estimator (Bod 1995) is inconsistent and biased unintuitive man-
ner. Next, we review a more recent DOP estimator that is bageithe Katz
backoff smoothing technique (Katz 1987).

! Note that a non-leaf node labelgéh treet dominating a sequence of nodes labelgd - -, ¢,,
consists of a graph that represents the context-free ptiodup — ¢ - - - ¢;,.
2 Tree depth is the number of edges along the longest path fsomdt to a leaf node.
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3 Backoff Estimation for DOP

We review here the Backoff Estimation procedure presemé8ima’an & Bu-
ratto 2003). The motivation for this estimator comes from dbservation that a
Tree-DOP model consisting of all subtrees of a given treebank wik agerfitting
that treebank. In particular, because the treebank treesstlves are also rep-
resented as subtrees, the common Maximume-Likelihood astins bound to
assign non-zero probability only to the treebank trees -treeexample given in
(Bonnema et al. 1999). Consequently, (Sima’an & Buratta32@pply smooth-
ing to avoid this extreme overfitting problem. The Backoffilbator is based on
the following observation.

Consider the common situation where a subitrés equal to a tree generated
by a derivatiort; o- - -ot,, involving multiple subtrees, - - - t,,. For example, sub-
trees17(Figure 3) can be constructed by different derivations asfh160 s2),
(sl4o sl)and(s150 slo s3) We will refer to subtrees that can be constructed
from derivations involving other subtrees with the tesomplex subtrees

Because the statistics for these different derivationsectsom the treebank,
these statistics must be correlated. For every complexesibtwe restrict our
attention only to the derivations involving pairs of sulesgin other words, we
focus on subtreesuch that there exist subtregsandt, such that = (¢, o t,).

In DOP, the probability oft is given byP(¢|R;). In contrast, the derivation prob-
ability is given by P(¢1|R;,) P(12|Rs,). However, according to the chain rule
P(t1 ota|Ry,) = P(t1|Ry, ) P(£2]t1). Therefore, the derivation o ¢, embodies an
independence assumption realized by the approxintatioft, |t,) ~ P(ts|Rs,).
This approximation involves a so-calledckoff i.e., a weakening of the condi-
tioning context fromP (¢, ]t;) to P(¢4|Rs, ). Hence, we will say that the derivation
t, 0ty constitutes backoffof subtreg and we will write ¢ >, ¢, 0t2) to express
this fact.

The backoff relation>;;, between a subtree and a pair of other subtrees
allows for a partial order between the derivations of thetrags extracted from
a treebank. A graphical representation of this partial oigla directed acyclic
graph which consists of a node for each pair of subttges that constitute a
derivation of another complex subtree. A directed edgetpdiom a subtree
in a nodé to another node containing a pair of subtréesty) iff t; >y t;j oty.

We refer to this graph as thmackoff graph An example based on the subtrees of
Figure 3 is shown in Figure 4, whes@ stands for a subtree consisting of a single
node labeled (the start symbol). We distinguish two sets of subtree$iairand
atomic. Initial subtrees are subtrees that do not partieijpea backoff derivation
of any other subtree. In Figure 3, subtrd€ is the only initial subtree.Atomic

3 The term “subtree” is reserved for the tree-structuresaextd from treebanks.
4 Note thatr,, is part oft; (the label of the substitution site).
5 In a pair{tp,t;) or {t;, t;) that constitutes a node.
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Figure 4:A portion of the backoff graph for the subtrees in Figure 3

subtrees are subtrees for which there are no backoffs. lar&ig, these are
subtrees of depth one (double circled in the backoff graph).

In the bop model (under any known estimation procedure), the proibabil
of a parse-tree is defined as the sum of the probabilities| afegivations that
generate this parse-tree. This means thae linearly interpolates derivations
involving subtrees from different levels of the backoff jgina this is similar to
the way Hidden Markov Models interpolate different Markaders over, e.g.,
words, for calculating sentence probability. Hence, wé refler to the different
levels of subtrees in the backoff graph as tarkov orders

Crucially, the partial order over subtrees (the backofpgjacan be exploited
for turning DOP into a “backedoff model” as follows. A subtree is generated
by a sequence of derivatiomsdered by the backoff relationThis is in sharp
contrast with existingopP models that consider the different derivations leading
to the same subtree as a setdidjoint events. Next we present the estimation
procedure that accompanies this new realization@# as a recursive backoff
over the different Markov orders.

Katz Backoff (Chen & Goodman 1998) is a smoothing technicased on
the discounting method of Good-TuringT) (Chen & Goodman 1998). Given
a higher order distributio®(¢| X, V'), Katz backoff employs theT formula for
discounting this distribution leading #.+(¢| X, Y'). Then, the probability mass
that was discounted! (— >, Por(t|X,Y)) is distributed over the lower order
distribution P (¢| X).

We assume initial probability estimatéy based on frequency counts, e.g.,
as inDOP,; or DOPg,,. The present backoff estimation procedure operates it-
eratively, top-down over the backoff graph, starting whik tnitial and moving
down to the atomic subtrees, transferring probability nfem® complex sub-
trees to their backoffs.

Let P represent the current probability estimate resulting friopnevious
steps of re-estimation (initially, at step= 0, P’ := P;). After i steps, the
edges of the backoff graph lead to tberrent layerof nodes. For every, a
subtree in a node from the current layer in the backoff grapledge: outgoing
from ¢ stands for the relatiory (4 #1 o t5), where(t,,t,) is the node at the
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Figure 5:An LFG representation for ‘John loves Mary’

other end of edge. We know thatP¢(¢|R;) = P¢(t1|Ry, ) P (to|t1) Pe(t; o ty) =
Pe(t1|Ry, ) P°(t2|Re, ). This mean thaP<(t,t;) is backedoff taP(¢,|R;,). Hence,
we may adapt the Katz method to estimate the Backoif probability P,, as
follows:

P (t ‘t ) = P(c,‘T(tZ‘tl) + Oé(tl) Pf(tQ‘sz) [Pc(tg‘ti) > o]
bo\l2|l1 a(tl) Pf(tQ‘R'tg) otherwise

wherea(t,) is a normalization factor that guarantees that the sum oprtblea-
bilities of subtrees with the same root label is one. Simpthmetic leads to the
following formula: a(t:) =1 =32, 1, 1050 Pér(t2]th).

Using P, (ts|t1), the other backoff estimates are calculated using
Pho(t[Re) := Py(t1[Ry,) Pép(talti) and Py (t1[Ry,) == (1 + a(ts) ) Pr(ti[Ry,).
Before step + 1 takes place over the next layer in the backoff graph, thesotirr
probabilities are updated®*!(¢,|R;,) := Py, (t:1|Rs,)-

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, titunsnt structure (c-
structure) and functional structure (f-structure), andapping between them.
The c-structures describe surface structure, the f-strestdescribe grammati-
cal relations an@d maps between these levels of linguistic representatiois Th
relationship is generally expressed as a triple of the ferm, f). An f-structure
unit f is ¢-accessible from a nodeif either f is linked ton or f is contained
within an f-structure linked ta. This reflects the intuitive idea that nodes can
only access information in the units of f-structure to whilsly areg-linked.
LFG-DOP fragments consist of connected subtrees (asr@@-DoP) whose
nodes are i correspondence with (partial) f-structures. In operatidarmi-
nology, theTreebop decomposition of a treebank tree into subtrees proceeds
using two operatorsioot andfrontier. These operators select the nodes that de-
limit a subtreeroot selects the root node, afrdntier selects the frontier nodes.
The connected subgraph between these selected nodesiwtenstie subtree.
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For LFG-DOP, Bod & Kaplan (2003) extend these operators as follows. When
a node is selected by threot operation all nodes outside that node’s subtree
are erased, as inreeDoOP. Further, allg-links coming from the erased nodes
are removed and all f-structure units reaccessible from the remaining nodes
are erased. Th®ot operation also deletes tir&ED attributes (semantic forms)
local to f-structures corresponding to erased nodesfrdh&er operation selects

a set of frontier nodes and deletes all subtrees they doejiaéto removing
the ¢-links and semantic forms (but not features) correspontbrany deleted
nodes. See example in Figure 6.

LFG-DOP derivations proceed using composition operations thatrnekthe
substitution operation ofreebop. The LFG-DOP composition operationo]
involves two stages: c-structures are combined exactly asee-DopP and their
corresponding f-structures are unified recursively.

According toLFG theory (Bresnan 2001), c-structures and f-structures must
satisfy certain well-formedness conditiongniquenesspecifies that each at-
tribute in the f-structure can have at most one vakaherenceprohibits the
presence of grammatical functions which are not requirethbylexical predi-
cate, andcompletenesequires that all functions governed by a lexical predicate
must be present in its f-structure. Any parse generated legaence 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 thaication P(f; o ... o
f») = 11, P(f:) and the probability of a parse T is the sum of the probatslitie
of its distinct derivations(T') = Y~ 1) serives 7 P(D)-

In TreeDOP, the fragment set is partitioned into Competition Sets) @c-
cording to their root node label. The definition of CompetitSets foLFG-DOP
depends on which of therG well-formedness conditions are enforced on-line,
while the derivation is being constructed, and which are@ead off-line, when
the derivation is complete.

In comparison withrreeDoP, LFG-DOP might suffer from robustness prob-
lems because of the constraints expressed in the f-stesctassociated with the
c-structures). However, this can be addressed by furthresrgBzing fragments
generated viaoot andfrontier as follows.A third operatodiscard extracts frag-
ments from f-structures by deleting attribute-value painde keeping the asso-
ciated c-structures angtlinks constant (see Figure 7iscardis subject to the
restriction that pairs whose values afdinked to remaining c-structure nodes
are not deleted.

Let | f| be the number of occurrences of fragmghnin the corpus ands
the competition set of. According to simple-RF, the probability gfis given
by P(f) — Howeversimple-RHs as biased as fragment relative-

= Tiecs ]
frequency estimation forreeDoP. Furthermore, it does not account for the fact
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. Figure 7:A fragment generated by the

Figure 6:A fragment generated by discardoperation from the
rootandfrontier from the representation in Figure 6.

representation in Figure 5.

thatdiscardgenerated fragments are generalizations of fragmentrgd by

root andfrontier. Because exponentially many fragments can be generated by
applying discard to each fragment produced via root andtirgrthe discard-
generated fragments absorb much of the probability massrigithple-RF esti-
mator, just like larger subtrees absorb a large probalviiégs inTreeDoOP.

A second estimation methodjscounted-RFtreats fragments produced by
root and frontier as seen events and those generated vadiss unseen events.
The relative frequencies of seen events are discounteg Ggind-Turing and the
discounted mass is given to the unseen events. Howevemétisod is as biased
as the first. Next we show that the problem of how to emmlscard within
LFG-DOP is merely a symptom of the bias of existing estimates fas-DOP as
a whole.

5 BackOff Estimation for LFG-DOP

Back-off parameter estimation can be appliedLts-DoP fragments gener-
ated byroot and frontier exactly as described forreeDop, using a directed
acyclic graph to represent the partial order between thedirekted edge points
from a fragment(c,, ¢,, f,) to a pair of fragmentg(c,, ¢y, f,), (c.. .. f.)) if
(¢y. by, [y) and{c,, ¢, f,) compose to givéc,, ¢,, f,). Composition of these
fragments involves both leftmost substitution over th@raetures and unifica-
tion over the f-structures.

Becausaliscardgenerated fragments are obtained by generalizing over ac-
tual f-structures, the backoff relation in this case is dediin terms of f-structure
unification rather than fragment composition. For discgederated fragments,
a directed edge in the graph points from a fragmen®, /) to a pair of frag-
ments((c, ¢, f,). (c, ¢, f.)) if f-structures § and £ unify to f and f# f, # f.:
<(:7 ¢a f> > bfk<(:7 ¢7 {fy U fz}>

The probability of the derivatiofx, ¢. { f, U f.}) is given by

P((C, ¢7{fyUfZ}>‘RC) = P(C7¢‘R6)P({fyUfz}|c7 ¢7 Rc) ~
P(c, g|R)P(fylc, 9)P(f:|c, b, fy) P(c,¢|Re)P(fylc. ) P(f:lc, d)

Q
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This embodies an independence assumption realized by thexamation
P(f.le, ¢, fy) = P(f.|c, ¢), which constitutes a backoff; hence the derivation
(co.{f, Uf.}) is said to be a backoff of fragme(tt,,f). Here, backoff is used
to redistribute probability mass among discard-generatemDop fragments
by transferring probability mass from complex fragmentshieir backoffs in a
stepwise manner.

Experiments described in (Bod & Kaplan 2003) suggest tharevla parse
can be produced without recoursediscardgenerated fragments, the inclusion
of such fragments does not significantly improve parse aoyurTherefore, it
has been suggested thdiscardgenerated fragments should only be included
in the parse space where the input can be parsed using tuséisionly but no
parse is possible over fully-instantiatéd ¢, /) fragments.

Way (1999) also observes thdiscard should be used to derive fragments
only where absolutely necessary. He suggests that therebaus countable
number of cases — such as subject-verb agreement, relddiveecagreement
and movement phenomena — in which unification fails distardgenerated
fragments should be applied.

These observations seem to lead towardsrsiboP model wheraliscard
generated fragments are treated as “second rate” fragthentsill be used only
upon failure of the other fragments to produce analyzesheiriput. We think
that the same effect can be realized in a natural manner byolfestimation.
Because the parameters are structured in the backoff gnapklitects the esti-
mation algorithm, this realizes a kind s6ft, probabilistic backoff.

6 Conclusions

This paper shows how the parameters forithe-Dop model can be estimated
as a highly structured space of correlated events. The Bagktmation pro-
cedure that was originally developed foreebop (based on Phrase-Structure
annotations) turns out especially suitable feG-DopP. In particular, Backoff
Estimation provides a solution to the problem of roluss-DoP parsing with-
out resorting to ad hoc, crisp mechanisms.

Future work will address various aspects of this work. Natyrfuture em-
pirical experiments have to exhibit the empirical valuehog tmethod. in order
to verify the empirical value of this method. There are vasigpecific imple-
mentations of the algorithm that need to be sorted out.
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Parsing Without Grammar — Using Complete Trees Instead

SANDRA KUBLER
Seminar fir Sprachwissenschaft, University dilfingen, Germany

Abstract

In recent years, research in parsing has concentrated deeniag the lo-

cality of parsing decisions, which led to an increase in theber of pa-

rameters to be estimated. This chapter describes a newgagproach
that combines the use of complete trees with an efficientchkebased
on Memory-Based Learning (Stanfill & Waltz 1986, Daelemaszs) den

Bosch & Zavrel 1999). Parsing is defined as the selectionedirtbst sim-

ilar syntactic tree in the training data. This tree is theaped to the input
sentence. Concerning function-argument structure, treepahows a very
reliable performance in evaluation (F1=96.52). Errors\ame often due
to unattached constituents rather than to attachmentserro

1 Introduction

In recent years, research in parsing has concentrated dienieg the locality
of parsing decisions (cf. e.g. (Collins 1999, Charniak 2P0&hich led to an in-
crease in the number of parameters to be estimated. Manynewsst develop-
ments are based on the assumption that pure context-fese avlen extended by
probabilities, are too local in nature to cover natural lzaage phenomen®ata-
Oriented Parsindbop) (Bod 1998) is the first approach that uses tree fragments
of differing size in the search for the best parse tree. Heweince the search
for the best parse tree cannot be reduced to the search foethalerivation,
mostbopP models are computationally very intensive.

The problem becomes more severe for non-configurationgliges such as
German since it is difficult to determine the grammaticattion of a constituent
based on its local context; the only informative featurestie verb itselfin com-
bination with morphological and linear information abolitthe constituents in
the sentence. These decisions can only be systematicgipaghed if larger
tree fragments are used for parsing. Previous approachies wee Memory-
Based Learning (Stanfill & Waltz 1986) for parsing (cf. e dBuchholz 2002,
Daelemans, Buchholz & Veenstra 1999, Tjong Kim Sang 20@18)e defined
as cascades of classifiers. Such approaches, however,eaasgemeral inde-
pendence of decisions within one classifier and to a greanexiso between
levels. These assumptions make such approaches feasili@fdy configu-
rational languages such as English, in which the orderingpaktituents gives
very reliable information about the grammatical functiéa@onstituent. Dagan
& Krymolowski (2003), on the other hand, use an adaptatiokemory-Based
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Learning: Memory-Based Sequence Learning (MBSL). MBSLasda on the
assumption that for learning tasks in the area of shallowipgr the sequence
of wordsis one of the most important types of information.e Hequences are
represented as tiles including bracketing. In order togarsentence, MBSL
looks for all covers, i.e. all (potentially overlapping)sequences of tiles which
cover the complete sequence. Then the cover with the higbefilence rating
is chosen. By using tiles, MBSL can correctly analyze pagewvhich do not
occur in the training patterns but for which tiles from di#at training patterns
can be put together. Since a high number of tiles needs todoedsfor each
sentence, it is unfortunately not feasible to lexicalize #pproach, which limits
its success.

In this chapter, a new parsing stratelyfemory-Based ParsingMBP), that
uses complete trees as its repository of grammatical irdton will be de-
scribed. Instead of constructing a parse tree from diffehegments, MBP
defines its task as the search for the most similar complegeitrthe instance
base. It chooses the most similar tree in an instance basadapls this tree
to the input sentence. The choice of the most similar treaiidegl byposand
chunk (cf. Abney 1996) information from preprocessing stéfrevious versions
of this system were presented in (Kubler & Hinrichs 20030 1b), a more de-
tailed description of the parser can be found in (Kiibler200

2 The Tubingen Treebank of Spoken German, TiBa-D/S

The treebank used for training and evaluation of MBP is thB&-D/S treebank
(Stegmann et al. 2000). This treebank was developed in titexiofvERBMO-
BIL, a long-term Machine Translation project funded by the GariMinistry for
Education, Science, Research, and Technology (BMBE}BMOBIL had as its
goal the speaker-independent translation of spontangmexh in the domains
business appointments, travel scheduling, and hotelvatsens. As a conse-
quence, the TuBa-D/S treebank contains transliteratéspontaneous dialogs
in these domains. The transliterated data exhibit all tleeadteristics of sponta-
neous speech, including hesitation noises, false statesruptions, repetitions,
and fragmentary utterances.

TuBa-D/S consists of more than 38,000 annotated sentdntesince the
segmentation onto sentences is rather undetermined fecksata, the sen-
tences in the treebank often consist of more than one senteribe linguistic
sense. Thus, the number of separate trees that were assigihede sentences
reached approx. 67,000 trees. The sentences in TuBa-D{Steebe rather
short (the average sentence length is 4.5 words), the olgalléor the parser
is rather based on speech phenomena such as ungrammatcaliypical con-
stituent order than on extremely complex syntactic phemamd he following
sentence, which is taken from the treebank, is typical is tegpect: “ich habe
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hier iibrigens auch schon mir Unterlagen zuschicken lagserverschiedenen
Hotels” (by the way here | have also had brochures sent to roetatbifferent
hotels already). Here, the modifiers “hier Uibrigens autiost precede the per-
sonal pronoun dative object “mir”, and the modifier of thelsative object “von
verschiedenen Hotels” is extraposed.

For the annotation of the treebank, a surface-orientedtation scheme has
been adopted, which is based on the notiotopblogical fieldsand enriched by
a level of function-argument structure. The linguistic arations pertain to the
levels of morpho-syntaxpOstagging), syntactic phrase structure, and function-
argument structure. The annotation relies on a contertbfagkbone, i.e., proper
trees without crossing branches or traces. Long-distaglatians are described
via specific functional labels.

3 Parsing function-argument structure using an instance bae of trees

The parser MBP is based on the assumption that the annotdtiba grammat-
ical function for a specific phrase is highly dependent ondrander as well as
on the other grammatical functions present in the sentdrgethis reason, the
annotation of grammatical functions must be completed i step rather than
in single independent decisions. However, if the complgteastic structure is
assigned in one step, the parser needs all possible type®ohiation. MBP is
designed in a way that it searches for the complete sequéneerds, POStags
and chunks.

MBP is divided into two main modules: In the first module, infation
about the sequences of words armistags is used to find the most similar sen-
tence in the instance base. If this module fails to retrieveasonably similar
sentence, the input sentence is passed to the backing-affilmyonhich relies
mainly on chunk information. The latter module is also rexible for the an-
notation of phrases that were omitted in the first modulebefow).

3.1 The search module based on words and POS tags

Since the selection of the most similar tree for an inputesgce needs to be
based on the complete sentence rather than on a window ofdaléirgth (as
used in cascaded parsing architectures), the search indtance base needs to
be adapted to the requirement that a flexible number of featserves as the
basis for the similarity function. Thus, MBP uses a prefig of words as its
instance base, and the search for the most similar tree igadejt to the search
for the most similar sequence of words in the trie. Figure dwsha sample of
such a prefix trie for nine sentences. The final words of theesers are marked
in circles.
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ic Sie wir ich Thnen Sie

Thnen das den am auch einfach mal

die mit Flug doch elften schon einen eben

Tickets der die Vorschlag

Figure 1:The prefix trie for nine sentences

If a word is not found at a specific node in the trie, the seatgbrahm allows
ignoring words or phrases either in the input sentence onénsentence from
the instance base. The phrase boundaries for the inpuinsenéee determined
in a pre-processing step via the use of a chunk parser (Ab@@§)1 Thus, the
search for the input sentence “dann mache ich die Ticketigfdthen | will
arrange the tickets) will retrieve the sentence “dann maathénen die Tickets
fertig” (then | will arrange the tickets for you). The additial noun phrase in
the input sentence, “lhnen”, is omitted in the search. The structure that is
attached to this sentence is used for assigning a syntawlgsas to the input
sentence.

After selecting the most similar sentence in the instanese bthe parser is
faced with the problem that this sentence generally is rerttidal to the input
sentence. For this reason, the retrieved tree structurdsneebe adapted to
the input sentence. The parser allows only the most consexvaodification:
the deletion of the phrases or words that were omitted in¢hech through the
trie. Thus, the structure for the sample input sentencesegetle modified so
that the additional noun phrase is removed. The tree steiftu the previous

1 MBP, however, does not only extend the chunk parses withtimmargument structure. It
rather uses the chunk parse as additional information ferstiection of the most similar
sentence. There are significant differences in the anoatafi phrase boundaries between a
chunk parse and a complete syntactic structure due to tleendi@istic nature of the chunk
parser.
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SIMPX

[ § H
O, ©, O
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i o]
dann mache ich Ihnen die Tickets fertig
ADV VVFIN PPER PPER ART NN PTKVZ

Figure 2:The most similar tree structure for the input sentence

example is shown in Figure 2, the phrase to be removed is mhamkgray. The
sentence is structured into phrases (&ig.for “noun phrase” andxrIN for “fi-
nite verb phrase”), topological fields (e.gF for “initial field” and Lk for “left
sentence bracket”), and clausssMpPXx for “simplex clause”). The edge labels
denote head/non-head distinctions within clauses andrrargatical functions
of phrases (e.goN for “subject”, ob for “dative object”, 0A for “accusative
object”, andmob for “underspecified adjunct?) Phrases which could not be
attached to the sentence are then looked up separatelyeviadfix trie (which
also contains single phrases, a very typical feature fontsmeous speech). They
receive a phrasal annotation, but no attempt is made tohatiteen to the sen-
tence.

This search strategy as described above is prone to alldadmany phrases
or words in the input sentence or in the training sentencée tomitted. In the
worst case, the most similar sentence might be selected bagée identity of a
single word. Another problem consists in the fact that pésaghich are crucial
for the structure of the sentence can be omitted. It wouldabiger unfortunate
if the word Flieger were omitted in the sentenes gehen gindlich Flieger ab
Munchen(there go hourly planes from Munich).

These problems are avoided to a high degree by the intraxtuofi cost-
based weights. Each word or phrase is assigned a weightdbet@ and 1)
which describes the “importance” of the item for the sen¢ernithe weights are
calculated during training, based on the relative frequenfcthe Postag se-
guences with and without the item and on the degree to whielrée structure
needs to be modified if the item is omitted. Thus, the welidger will have a
higher weight than the phrasé Miunchen At each point where the parser has

2 For a more thorough introduction to the annotation schem@eégmann et al. 2000).
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a choice of different actions, it selects the analysis wihiak accumulated the
lowest overall weight, thus executing a best-first search.

3.2 The backing-off module

The search strategy described in the previous sectionysnt suited for find-
ing analyses for sentences that have closely related degnfgan the instance
base. Due to the limited size of any treebank, this searelegly will fail for
many sentences. In such cases, the parser backs off to a abwgt module,
which applies less conservative search strategies. Thestiiegegy is to search
for longer sentences if the input sentence has been fouhe instance base but
the last word did not constitute a leaf node. In order to kbéépgearch efficient
and to exclude unreasonable analyses, a maximal numbediioadl words
is specified which can be attached to the input sentence.cH awsentence is
found, the resulting tree needs to be shortened to fit thet sgntence.

If the first strategy fails, the parser attempts to find thaisege ofPostags.
Since this search is based on less reliable informatiorttilestequence of words,
the omission of words or phrases is not allowed for this $edf@ sentence with
the same sequence pbstags is found, the respective tree can be used without
adaptation.

The mostimportant strategy in the backing-off module isssarch for chunk
sequences. For this strategy, the input sentence is firsegsed by the chunk
parset. A chunk parser is a cascade of deterministic finite-statesttucers.
This allows a very robust and efficient first analysis of theaghl and clausal
structure of a sentence. The input sentence “ab Donnerstaghowieder hier”
(from Thursday on | will be here again) is assigned the chinictire 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 thei training
phase. Based on the similarity between chunk structuresecnimg yield and

3 For the present implementation, Steve Abney’s chunk parsss (Abney 1996) was used.
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chunk type, the most similar tree is selected from the itgtdrase. The search
can be performed in two different modes: in the first mode ptérser also com-

pares the head words of the chunks, i.e. the search is leddab some extent.

If this strategy is not successful, the parser performsehech again without the
lexicalization, i.e. only comparing yield and chunk type.

In the above mentioned example, the search for identicatlclsequences
will be successful for sentences such as “ab Donnerstag ditandbin ich
wieder hier” (from Thursday the third on | will be here agaor)“nach einer
langen Woche sind Sie dann zuriick” (after a long week youheilback then).
Here, the parser can rely on the chunk analysis, which digtines more phrase
types than the treebank annotation. The analysis in Figsieo8/s that date
phrases, such as “Donnerstag”, constitute a different éfpwun phrases than
pronouns, such as “ich”. Both of them are different from dtd noun phrases
or coordinated noun phrases.

Since the internal structure of the chunks in the input aedntlost similar
sentence may be different, the structure of the most siméatence needs to be
adapted to the input sentence. In order to achieve this, liresps in the tree
structure which correspond to a specific chunk need to beifaehand, if they
differ in structure from the input sentence, replaced byctireect phrases. Find-
ing correct phrase-internal annotations in the instanee mquite straightfor-
ward because phrases with the sams sequence share the same tree structure
in a majority of cases. The identification of phrases cowadng to chunks,
however, is far from trivial because a chunk may corresponahdre than one
phrase. In such cases, several phrases in the tree strutéyrbave to be re-
placed, and the correct phrases with the correct yield reéd found. In such
cases, theeos sequence may be too general: These cases often involve noun
chunks which start with one or more adverbs. Here, it is wnckehether the
adverbs need to be grouped into a separate adverbial phregether they ac-
tually modify the noun phrase. Such a decision generallglimas lexical and
semantic knowledge, which the parser does not have.

4 Evaluation

MBP is a very efficient parser since it is mostly determiislihe parser forgoes
a complete search of the search space and instead prefessfadideft-to-right
search for the most similar tree. In order to minimize the iosgquality, it uses a
wider context than most other parsing algorithms.

MBP was evaluated on the approximately 67,000 trees of TSa(cf. Sec-
tion 2). For every test run, the sentences extracted frortrélebank annotations
were first sent through preprocessing, irstagging using TnT (Brants 2000)
and chunk parsing usingAss (Abney 1996). Then MBP assigned complete
analyses to the sentences. The time and memory requiremerggested 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%

Fy 84.78 87.19
labeled recall (incl. functional categories) 71.72% 768600
labeled precision (incl. functional categories) 75.79% .63%

F 73.70 77.78
functional recall of attached constituents 95.31% 96.56%
functional precision of attached constituents 95.21% 8%.4

Fp 95.26 96.52

Table 1: MBPs results for the TiBa-D/S treebank

Athlon 1700+ (256 MB memory). MBP used approximately 82 MBragmory
in training and 52 MB in testing. Training with all 67,000 éselasts 447 sec-
onds, parsing 6,697 sentence requires 115 seconds, ingladis tagging and
chunking. In other words, MBP parses more than 58 sentersresepond.

The evaluation of MBP was performed with two test desigten-fold cross
validation (10-fold cv) andleave-one-out testin@.0o testing). The results of
the evaluation are shown in Table 1, in the first column forfdl@-cv, in the
second column foroo testing. The results for 10-foldv were averaged over
the results of the ten test runs, the resultsifoo testing over 5,000 test runs.
From the parses, theaARSEVAL measuresabeled precisiorandlabeled recall
both based solely on syntactic categories, as we(fuasction-) labeled recall
and(function-) labeled precisigrbased on syntactic categories and grammatical
functions, were calculated.

The first three metrics concern labeled recall, labeledigiat, and the F-
score based on only the syntactic categories of the coestgyignoring the
functional labeling) while the next three figures give thefpenance of the
parser when aombination of syntactic and functional labédsvaluated. These
measures, however, do not make a distinction whether aitgsrgtreceives the
wrong grammatical function or whether the constituent dodt be attached by
the parser. In both cases, the combination of syntactic anctibnal labels for
the gold standard and the parser’s output are not identichbee thus counted
as incorrect. An unattached constituent, however, leads teast one more
incorrect constituent since the node that should domirrasecbnstituent con-
sequently shows the wrong yield. For this reason, the ptagerof unattached
constituents is also shown, i.e. the percentage of rootsimdihe parser output
which have an equivalent node in the gold standard, but whinbt a root node.
These numbers show that a considerable number of condttaenld not be
attached.

For both types of evaluation, the syntactic evaluation dkagehe evaluation
on both syntactic and functional labels, the numbers focipien are consider-
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also  mindestens  zwei Treffen  denke ich m"u"sten wir noch  abhalten
ADV ADV CARD NN VVFIN PPER  VMFIN PPER ADV VVINF

Figure 4:An example for a partial analysis

ably higher than for recall. This, in combination with theyhipercentage of
unattached constituents, is an indication that the pamédaot find a spanning
analysis for sentences in all cases. If, however, such angpgmanalysis was
found, the parse is extremely reliable.

Additionally, the last three lines in Table 1 give an evaloatof the func-
tional labeling of constituents that could be attached tdghdr constituent.
Unattached phrases result in low precision numbers sireeitattached root
node does not contain the correct grammatical functiorurieig gives an exam-
ple for a partial analysis for the sentence “also mindestares Treffen denke
ich muften wir noch abhalten” (so | think we still need todat least two more
meetings).

Here, the parser could not attach the noun phrase “mindestesi Treffen”
to the remainder of the sentence “muf3ten wir noch abhaltérfiten analyzing
precision based on syntactic categories and grammaticetifuns, the root node
of the noun phrase would count as incorrect since it doesarof the grammat-
ical functionoa, which it would be assigned if it were attached. In the arialys
shown in the last three lines in Table 4, consequently onbgehnodes were
counted which are dominated by another node, i.e., nonnrodés. Therefore,
the root node of the noun phrase is not considered in thelatiloo, and for this
example, the only incorrect grammatical functiorvismobn, which should cor-
rectly be analyzed agob. This evaluation based only on attached constituents
shows that the parser very reliably recognizes grammeaticaitions when it
is able to find complete analyses and does not have to respédrtial parses.
The lower figures in the general evaluation suggest that singep needs to be
extended so that it is more flexible in finding the most sintilee.

The treebank which was used for testing the parser wasvellagmall as a
training set for such a complex task. For this reasamatest 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.) 8%.96

Fy 74.88 R 85.38
recall (+ func. cat.) 42.65% recall (+ func. cat.) 70.52%
precision (+ func. cat.) 46.14% precision (+ func. cat.) 734

Fy 44.33 R 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 pdowitte more data.
It is obvious from the comparison of the two test designs ibldd. that both
precision and recall increased significantly in ttao tests; this indicates that
the performance of the parser would increase even furthmore syntactically
annotated training data were available.

In order to test the generalization capacity and correstnéshe two mod-
ules of the parser, each module was tested separately. lcateeof the trie
search, this means that if the module did not find any simil@ugh sentence
in the instance base, the input sentence was split up intokshand the chunks
were looked up and annotated, but no attempt was made to gresp separate
phrases into a tree. In the case of the backing-off modutesémtences were
sent directly to this module.

The results of these test runs are shown in Table 2. Lookirlgeatable, it
is evident that the figures for the trie-based search aréfisigmtly lower than
those for the complete parser, which shows that this mocagelvery restricted
coverage. The results for the backing-off module, on thermtland, are slightly
higher than for MBP. This is counterbalanced, however, yidkver quality of
functional labeling in the cases where the trie-based neoduals successful in
finding a similar sentence in the instance base (cf. rowsr¥able 2). Thus,
the combination of both modules gives the best balance leetweverage and
quality.

5 Conclusion and future work

MBP is a memory-based parser that implements a new approaphrsing:
MBP attempts to find the most similar sentence in the insthase relying on
many different types of information: the word sequencessadves, theipos
tags, and their chunk analysis.

The results of 79.65% correct constituents and grammditinations in over-
all trees and of 96.48% correct grammatical functions ftacited constituents
validate the general approach of a memory-based parser.
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Further improvements can be expected from the inclusionarphological in-
formation (cf. (Hinrichs & Trushkina 2002) for such a sys)dmecause disam-
biguated morphological information for phrases is a rédiahnd often the only,
source for disambiguating the grammatical function of theape. Until recently,
however, there was no automatic morphological disambiguatvailable for
German.

It is also planned to extend the parser tb-an approach similar to the one
described in (Streiter 2001), as the use:afearest neighbors has proven to be
advantageous for many MBL applications. Since for memayeld parsing, a
higher number of: would lead to several competing tree structures, Streiter’
algorithm selects a number of candidates for the most siséatence and then
uses a more fine grained search to select the ultimate caeditfss search can
be based oaDIT DISTANCE When the deleting and adding actions are performed
on chunks. Such an modification of the algorithm would allonef more flexible
search for the most similar tree since the parser will no éorage restricted to
finding complete prefixes of word sequences.

The leave-one-oukvaluation shows that the size of the training corpus is
rather small for finding the most similar sentence in theansé base. Anno-
tating more sentences manually, however, is is rather eipmnBut there are
methods which would allow an automatic extension of the:date possibility
would be the use of the active-passive diathesis in ordezitergte the alternates
for the sentences in the treebank. Another way of modifyergences and their
trees automatically could be based on the relatively fremwoder in German.
As mentioned above, German only has relatively few regtriston the order
of no-verb phrases in the sentence. Since MBP does not brea& mto rules,
it cannot cover all possible phrase orders of a sentences itlwould profit if
different alternations of a sentence could be provided.
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Phrase Recognition by Filtering and Ranking
with Perceptrons
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Abstract

This work presents a phrase recognition system based oapterns, and
an online learning algorithm to train them together. Thegmition strat-
egy applies learning in two layers, first at word level, tcefiltvords and
form phrase candidates, second at phrase level, to rankgsheand select
the optimal coherent set. We provide a global feedback rhielwreflects
the dependencies among perceptrons and allows to trainttigather on-
line. Experimentation on partial parsing problems and rchemgity extrac-
tion gives state-of-the-art results on thenLL public datasets. We also
provide empirical evidence that training the functionsetibgr is clearly
better than training them separately, as in the conventeag@aroach.

1 Introduction

Over the past few years, many machine learning methods heare d&pplied to
NLP tasks in which phrases of some type have to be recognized.er@bn
given a sentence — as a sequence of words — the task is to fpaghliacket-
ing for the sentence representing a structure of phraskereequential (e.g.,
base syntactic chunks, named entities, etc.) or hierakfeq., clause structure,
parse trees, etc.). The usual approach under the disctiv@meradigm consists
of decomposing the global phrase recognition problem intmber of local
learnable subproblems, and infer the global solution froendutcomes of the
local subproblems. For chunking the approach is typicallgdrform a tagging.
In this case, local subproblems include learning whethepalwpens closes
or isinsidea phrase of some type, and the inference process consisimpiit-
ing the optimal tag sequence which encodes the phrases, &@ysnoé dynamic
programming (Punyakanok & Roth 2001, Kudo & Matsumoto 200b)recog-
nize hierarchical structure, additional local decisiors rquired to determine
the embedding of phrases, resulting in a more complex inéer@rocess which
recursively builds the global solution (Ratnaparkhi 1998sreras et al. 2002).
A usual approach for solving the local subproblems is torleaseparate
classifier for each decision, by maximizing some local meaefiperformance,
such as classification accuracy on the local decision. Hewehen perform-
ing the phrase recognition task, the classifiers are usedhegand dependently.
Moreover, the global performance of a system is measurestimst of precision
and recall of the recognized phrases, which is not direb#yldcal classification
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accuracy for which the classifiers are usually trained. Res®rks on the area
provide alternative learning strategies in which the lesgrprocess is guided
from a global point of view. In the online setting, CollinsO(®2) presents a
variant of the perceptron for tagging, in which the learnfagdback is glob-
ally given from the output of the Viterbi decoding algorithrAlso, Crammer
& Singer (2003) present a topic-ranking algorithm, in whéglveral perceptrons
receive feedback from the ranking they produce over a trgiinistance. Alterna-
tively, recent works on conditional random fields provideht@ques to estimate
a global conditional distribution of probabilities whichoatels the task (Sha &
Pereira 2003).

In this paper, we present a learning architecture basedtersfiind rankers
for the general task of recognizing phrases in a sentenceenGi sentence,
learning is first applied at word level to filter out non pladusiphrase candi-
dates. Then, learning is applied at phrase level to scorasphrandidates and
decide the optimal set to form the solution. The overalltetia can be seen,
therefore, as an inference process which, guided by thadddunctions, ex-
plores only a plausible set of coherent solutions to find & bcored one. Itis
worth noting that the second layer deals with phrase cateidand may take into
account partially constructed phrase structures. An adgaof working at this
level is that very rich and informed feature representatian be used to exploit
structural properties of the examples, possibly throughuse of kernel func-
tions. However, a disadvantage of working with high leveistoucts is that the
number of candidates to explore increases (e.g., there isdratic number of
phrases with respect to the number of words in a sequencdharsgarch space
may become too large to be explored. This fact motivatesrttreduction of
the word—level filtering layer, which makes the global pesblcomputationally
tractable by reducing the search space in which the highHayer operates.

Our main contribution is a recognition-based feedback wheh allows to
learn the decisions in the system as perceptrons, all in on€lge learning strat-
egy works online at sentence level. When visiting a sentetheeperceptrons
are first used to recognize the set of phrases, and then gpalaterding to the
correctness of the solution. The update rule reflects to paateptron its com-
mitted errors from a global point of view, in a conservativammer. As a result,
the learned functions are automatically approximated twabe as word filters
and phrase rankers, and thus, become adapted to the réoogtiategy.

The evaluation of the presented architecture has beenrpextbusing the
CONLL public datasets, obtaining state-of-the-art performamcéhree relevant
NLP problems (namely chunking, clause identification and naemgitly extrac-
tion), while being conceptually simple and flexible. We gisovide empirical
evidence that training the functions together is clearlydveghan training them
separately, as in the usual approach.



PHRASE RECOGNITION BY FILTERING AND RANKING 207

2 The phrase recognition model

Let 2z be a sentence consisting of a sequencewbrds|z,, zo, . . ., z,], belong-
ing to the sentence spadé Let K be a finite set of predefined phrase categories.
A phrase denoted aés, e);, is the sequence of consecutive words spanning from
word z; to wordz,, with s < e andk € K. Letp; = (s1, e1)x, @andps = (52, €2)x,
be two different phrases. We define thatandp, overlapiff s; < s, <e; <ey or
59 < 51 <e9<eq, and we note it ag; ~p,. Also, we define thap; is embedded
in D2 iff S9 SS] §e1 S €9, and we note it ag; <ps.

Let P be the set of all possible phrases, iR.= {(s,e)r | 1 <s<e, ke K}.
In a phrase recognition problemsalutionfor an input sentence is a finite set
y of phrases which isoherentwith respect to someonstraints We consider
two types of constraints: overlapping and embedding. Femptioblem of rec-
ognizing sequentially organized phrases, often refeweasthunking phrases
are not allowed to overlap or embed. Thus, the solution spanébe formally
expressed a¥ = {yCP | Vp1,p2 €y pi1#pe A p1#Apa} . For the problem of
recognizing phrases hierarchically organized, a soluti@set of phrases which
do not overlap but may be embedd@t= {y C P | Vpi,p2 €Yy p1ops} -

The learning problem for phrase recognition is as follows:e® a training
setS = {(z',9"),..., (z™, y™)}, wherez® are sentences i andy’ are solu-
tionsin), the goal is to learn a functidr : X — ) which correctly recognizes
phrases on unseen sentences. We consider two componédritsthiis function,
both being learning components of the recognizer. Firétfeaing function F
which, given a sentence identifies a set of candidate phrases, not necessarily
coherent, for the sentendgé(x) C P. Second, &corefunction which, given a
phrase, produces a real-valued prediction indicating lgnesibility of the phrase.

Using the two components, thhrase recognizeRR, is modeled as a func-
tion which searches a coherent phrase set for a senteaceording to the fol-
lowing optimality criterion:

R(z) = ar max score((s, €)k, T, 1 1
(x) gy%m%@ (5. )i 7.9) ¢

That is, among all the coherent subsets of candidate phtasesptimal solution
is the one whose phrases maximize the summation of phrasessco

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 frgby apply-
ing decisions at word level but without discarding actualggsles in the solution
(i.e., trying to maintain recall levels as high as possibk)simple setting for
this function is astart-endclassification for each phrase type: each word of the
sentence is considered asstart —if it is likely to start a typek phrase— and
ask-end—if it is likely to end a typek phrase. Each-startword z, with each
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Figure 1:Example of the strategy for recognizing phrases

k-endword ., havings < e, form the phrase candidate, ¢),. Alternatives to
this setting may be to consider a single paisti#rt-endclassifiers, independent
of the phrase types, or to do a different tagging for idemijyphrases, such as a
begin-insideclassification.

Once the phrase candidates are identified, the optimal eohphrase set is
selected according to (1). There is no need to explicitlyneenate each possible
coherent phrase set, which would result in an exponentj@beation. Instead,
by guiding the exploration through the problem constraamd using dynamic
programming the optimal coherent phrase set can be foundlymgmial time
with respect to the sentence length. For chunking probléhgssolution can
be found in quadratic time by performing a Viterbi-style kxption from left
to right (Punyakanok & Roth 2001). When embedding of phrésefiowed, a
cubic-time bottom-up exploration is required (Carrerasl e2002).

Figure 1 shows a schematic example of how the recognitiaesty works,
considering generic phrases without type for simplicitheTinput sentence is
represented at the bottom as a sequence of wards z,5, each being a small
black circle. The bracketing represents the correct swilftir the sentence.

First, thestart-endfunctions are applied to each word. An oblique dashed
line indicates each positive classification: &artwords (1, 2, 75, 7, Tg, T11,
x13) the line goes to the right, whereas famdwords @5, 219, 12, 14, 215) the
line goes to the left. Note that these local predictions poacerrors, such as the
missing start at;. The intersections of dashed lines correspond to phrase can
didates, printed as circles. For instance, the start wertgether with the end
word z14 forms the phrase candidatg 14). Note that in the filtered space there
are only 27 phrase candidates out of the 120 possible phra$esgrey scale
of circles indicates the prediction of tseorefunction to each phrase candidate.
White indicates a negative prediction (phrase candidateetoejected), while
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greys indicate three degrees of positive predictions foagds (confidence in-
creases from light to dark). Sentence processing is pe€dtmy levels from the
bottom-up, i.e., exploring from short to long phrase caatid, and left-to-right

at each level. While predicting phrases, the optimal stmectt the explored
region is maintained. Thus, the prediction method applied phrase can take
advantage of the predicted solution found within the phr&se instance, when
scoring the phrasg, 14) a hierarchy of four phrases is found inside. When rep-
resenting the phrase into features, high-level patteriiseoinside structure can
be exploited, possibly by means of kernel functions.

At the end of the process, the global optimal structure has memputed.
The selected phrases are marked with circles (for correctsjuares (for the
over-predicted). The selection has been made so as to nzxgoores, respect-
ing overlapping constraints in the selected set. A corrbcage, missed in the
solution, appears as a triangle. Note that among all locat€produced in the
process by the three functiorstdrt at words 3 and éendat word 12, andcore
at phrase candidat€s, 10), (2,12), (6,10), (6,14), and(7,15)), only three are
critical at propagating to the global solutiostart at words 3 and 6, ansicore
at (6,14). The latter are the only ones that produce an update to thsifiéas’
weights during training. See description of the learningpethm in Section 3.

3 Online learning via recognition feedback

In this section, we describe an online algorithm for tragnihe learning compo-
nents of the phrase recognizer, namelydtat-endclassifiers irk' and thescore
function. The learning challenge consists in approxingathe functions so as
to maximize the globaF; measure on the problem, taking into account that
the functions interact. Each function is implemented usingmear separator,
hy : R* — R, operating in a feature space defined by a feature repréigenta
function, ¢ : X — R", for some instance space. The functionF consists
of two classifiers per phrase type: tstart classifier %) and theendclassifier
(ht). Thus, theF function is formed by a prediction vector for each classi-
fier, noted asv’ or wk, and a shared representation functignwhich maps a
word in context into a feature vector. A prediction on a wagds computed
ashf(z;, 7) = Wk - ¢, (z;, z), and similarly for theh, and the sign is taken as
the binary classification. Thecorefunction computes a real-valued score for a
phrase candidatg, ¢);.. We implement this function with a prediction vectef
for each typé: € IC, and also a shared representation functiprvhich maps a
phrase into a feature vector. The score prediction is theandiy the expression:
score((s, €), z,y) = WF - ¢, ((s, €)x, 7, y).

The mistake-driven online learning algorithm proposed bd referred to
asFR-Rerceptron since it is a perceptron-based learning algoritiat approx-
imates the prediction vectors in asfilters of words, and the score vectors as
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rankersof phrases. It starts with all vectors initializedtgand then runs repeat-
edly in a number of epochE through all the sentences in the training set. Given
a sentence, it predicts the optimal phrase solution givefipysing the current
vectors. As in the perceptron algorithm, if the predictedagk set is not perfect
the vectors responsible of the incorrect prediction areatgutl additively. The
pseudocode is as follows:

e Input: {(z!,y1),..., (z™,y™)}, «* are sentenceg; are solutions iy
o Define:W = {wk, wk, wk|k € K}.
e Initialize: Yw € W w = 0;
e fort=1...T,fori=1...m:
(1) 9 = Rw(z") o
(2) recognition_learning feedback (W, z*,y*, §)
¢ Output: the vectors iV .

We now describe the recognition learning feedback, dedigmeaturally fit the
phrase recognition setting. Let be the gold set of phrases for a sentence
andy the set predicted by thB function. LetgoldS(z;, k) and goldE(z;, k)
be, respectively, the perfect indicator functions $tart andend boundaries of
phrases. That is, they return 1 if warg starts/ends sonvephrase iny* and -1
otherwise. The algorithm is mistake driven, which meansftdraall the phrases
correctly identified the recognition learning feedbackslnething. Regarding
the errors, we differentiate two kinds of phrases in ordegite feedback to the
functions being learned:

(i) Missed phrases/(s, e), € y*\¥:
(1) Update misclassified boundary words:
if (W - ¢ (5) < 0) thenwh = WE + oy ()
if (WE - ¢y () < 0) thenwk = Wk + ¢y ()
(2) Update score function, if applied:
it (WE - gy (s) > 0 AWE - by () > 0) thenwk = wF + ¢, ((s,e)r)

(i) Over-predicted phraseS(s,e), € 3\y*:

(1) Update score function:
wh =wF — (s, €)i)

(2) Update words misclassified as S or E:
if (goldS(zs, k) = —1) thenwh = wk — ¢y (z5)
if (goldE(z., k) = —1) thenwk, = wk — ¢ (z,)

As a practical issue, it should be noted that in our impleietgm all updates are
performed in parallel, that is, the conditions of the feedaile are evaluated
with the initial set of vectors. Additionally, the updatefstioe start-endvectors
are performed only once per word, although an incorrectiptied on a word
may generate several incorrect phrases.
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This feedback models the interaction between the two layfktise recognition
process. Thetart-endlayer filters out phrase candidates for the scoring layer.
Thus, misclassifying a boundary word of a correct phraselsithe generation
of the candidate and produces a missed phrase. Thersfargrendprediction
vectors are moved toward the misclassified boundary wordshissed phrase.
When an incorrect phrase is predicted, the vectors ofthet or endwords are
moved away, provided that they are not actual boundary wiortise solution.
Note that we do not care about false positives, s&rt or endwords which do
not finally over-produce a phrase. Regarding the scoringrJagach category
vector is moved toward missed phrases and away from thepredicted.

It is important to note that the feedback rule operates onlthe basis of the
predicted solutiorg, avoiding to make updates for every prediction the function
has made. Thus, the learning strategy takes advantagerefibgnition process,
and concentrates on assigning high scores for the correzs@hand making the
incorrect competing phrases to score lower than the cooreed. Consequently,
it tends to approximate the desired behavior of the gldbdlinction, i.e., to
make the summation of the scores of the correct phrase sétalaxith respect
to other phrase set candidates. This learning strategp$elgl related to other
works on learning ranking functions (Collins 2002; Cramrgeginger 2003,
Har-Peled et al. 2003).

4 Phrase recognition in natural language

In this section we briefly describe problems in the natunagisage domain in
which phrases of some type have to be recognized. For allrti#gms we fol-
lowed the setting of theoNLL conference shared tasks, yearly organized by the
ACL’s SpeciallnterestGroup onNaturalLanguagé earning. For more informa-
tion one may consukttp://cnts.uia.ac.be/signll/shared.html

The first two problems concern the recognition of syntachcapes for the
English language, and are released with data oPtren Treebank. Inchunk-
ing, also known as shallow parsing, the base syntactic phrasegjunks, of
a sentence have to be recognized. The chunks in a sentenc®tcanerlap
and are non-recursive, that is, they can not be embeddedcdme -2000 task
consisted of recognizing 11 different types of chunks onbidigs of words and
part-of-speech tags. The second problelayse identification consists of rec-
ognizing the clauses of a sentence. A clause can be rougfihedeas a phrase
with a subject, possibly implicit, and a predicate. Clauisea sentence form
a hierarchical structure which constitutes the skeletotheffull syntactic tree.
Thus, embedding of clauses is allowed. The goal ofareLL-2001 task was to
recognize clauses on the basis of words, part-of-speestatadjbase chunks.

The last problem isxamed entity recognition and classification(NERC),
an information extraction problem in which the goal is toagaize named en-
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tities (NE) in a sentence and categorize them, for instance, in oneeofath
lowing broad categories: person, location, organizatiomiscellaneous. The
CONLL-2003 task concerned this problem, with the above four cates; for the
English language, in the context of news articles fromRbeters corpus.

5 Feature vector representation

In this section we describe the representation functignande,, which respec-
tively map a word or a phrase and their local context into &ufeavector inR”,
which in practice is a binary space. First we define a set ofigivie functions
which apply to words or sequences of words:

word(w): The form of worduw.

PoS(w): The part-of-speech tag of word.

ChunkTag(w): The chunk tag of wordb.

OrthoFlags(w): Binary flags of wordw with regard to how is it capi-

talized {nitial-caps, all-cap9, the kind of characters that form the word

(contains-digits all-digits, alphanumeri¢c Roman-numbéy the presence

of punctuation markscpntains-dotscontains-hyphenacronyn), single

character patterndopely-initial, punctuation-marksingle-chaj, or the
membership to a predefined clafisnctional-word or pattern URL).

e OrthoTag(w): A tag with regard to orthographic features, which is ei-
thercapitalized(C), lowercased| ), functional(f ), punctuation marK. ),
quote(’ ) or other(x).

o Affixes(w): The prefixes and suffixes of the word(up to 4 characters).

e P-Gram([ws,...,we]): The conjunction of the outputs of the primitive

P on wordsw,, ..., w.. We work with Word-Grams, PoS-Grams, and

OrthoTag-Grams. For instance, th@rthorag-Gram for “John Smith payed

3 euros” isCClx| .

For representingvords (function ¢,,), we compute primitives in avindow of
words around;, i.e., wordsz;,; with I € [-L,,,+L,]. Each primitive label,
together with each relative positidrand each returned value forms a final bi-
nary indicator feature. Specifically, we compute: Wiprd andPoS primitives;
(i) PoS-Grams on all sequences within the window which include theraén
word; (iii) For clausing, als&Chunkrag primitives (given in the input); (iv) For
NERC, alsoOrthoFlags,Affixes, andOorthoTag-Grams on all sequences which in-
clude the central word; (v) Left Start-Ends: flags indicgtivhether the words in
[~ Ly, —1] have been predicted atartand/orendwords of ak-phrasef € K.

For representinghrasegfunction¢,), we capture the context of the phrase
and the phrase itself. For the context, we evaluate: (j>-4,, 0] window of
primitives at thes word and a separaf, +L,] window at thee word. These
windows includeWords andPoS. On clausing, als@hunkrag features. On
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NERC, alsoOrthoFlags andOrthoTag-Grams; (ii) Elements to the left of the
word (only for chunking andiERC). An element is either an already recognized
phrase (we reduce its words into a single element and regriéd®y the phrase
type) or a word outside a phrase (represented bipag. We consider up to 3
elements, and codify the relative position of each one, é&ualal conjunctions.

As for the (s, e) phrase itself, we evaluate primitives fu;, . . . , w,] with-
out capturing the relative position. Specifically we coesid(i) The length of
the phrase; (iiword andPoS primitives; (iii) PoS-Grams on all subsequences
of up to size 3, and also the compléteS-Gram on the whole sequence; (iv)
Concatenation of the relevant elements in the sequenceg fentlausing), in-
cluding among others: punctuation marks and coordinatginotions, the word
“that”, relative pronouns, verb phrase chunks, and the lapses within the se-
guence, already recognized through the bottom up searti®r(ly for NERC,
Word-Gram of the whole phras@rthoTag-Grams on subsequences of sizes 2, 3
and 4, and thaffixes of each word.

6 System implementation and experiments

The final implementation of our system makes use of/ted perceptromlgo-
rithm (Freund & Schapire 1999), instead of the traditioreabeptron. Here, each
perceptron vector generated during training is associatdda weight, which
tracks the number of correct positive decisions predictethk vector. Then,
when testing, the final prediction is averagedvote over the predictions of
each vector. As a secondary issue, the same paper devetoghsahformulation
of the perceptron, which allows the usekefnel functionsin this work we used
standardpolynomial kernelof degree 2. Initial experiments on the problems
showed poor performance for the linear case (specially aumsel identification)
and no significant improvements for higher degrees.

We performed experiments with our system on each problercritbes! in
Section 4. For chunking and clause identification we set a gfastart-end
functions for each type of phrase, whereasNarc we set only twostart-end
functions which were shared among a#t types. On each problem, we ran the
FR-Perceptron for 25 epochs on the training data, and evaluheepdrformance
on the development sets to select the optimal point in teffnds .oFeature win-
dows were also adjusted using the development set: for dhgimie set boti.,,
andL, to 2, whereas for the two other problems we set them to 3. Asarge
behavior, on each problem the global performance subathriticreased during
the first 5 epochs, and then became somewhat stable, witlr mipoovements
(Figure 2 plots the learning curve on clause identificatiorgble 1 shows the
obtained performance on each problem. The results arg godd in all cases.

On chunking, we obtained a very good performance of 93.7&lwisi close
to the two best works published on the data. Kudo & Matsuma@®{) per-
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development test
T precision recall Fy precision  recall Fi
chunking 08 93.83% 92.77% 93.30 94.20% 93.38% 93.79
clauseid. 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 set

type precision recall F type  precision recall F
ADJP 83.80% 68.49% 75.38ADVP 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 9455%  94.37%  94.46
PP 96.50% 98.13% 97.31 PRT 78.82% 63.21%  70.16
SBAR  90.81% 79.44% 84.75vpP 93.90%  93.22%  93.56

Table 2:Detailed results on the chunking task

formed several taggings wittvm classifiers, which were later combined. They
report a performance of 93.85 with an individual tagging 88®1 by combin-
ing many taggings. Their system makes use of several husidiiesl/m clas-
sifiers applied to each word, whereas we only need 22 pearepfor filtering
words and 11 perceptrons for scoring phrases. In conttait, fieature space
is simpler than ours, since we exploit rich features on mwadhe best work
on the data is (Zhang et al. 2002), which applied regularizégmhow. They
report a base performance of 93.57, and an improved res@4.4f7 by using
external grammatical information. Table 2 shows the perforce of our chun-
ker on each individual phrase type. Looking at the recognitf Noun Phrases
(NP), our system, withF} = 94.46, slightly outperforms recent systems trained
specifically for this chunk. Kudo & Matsumoto (2001) obtadrézt.39 with com-
bination ofsvms. Sha & Pereira (2003) obtained 94.38 with conditional camd
fields. They also report 94.09 for the perceptron-basecetdmg Collins (2002).

On clause identification, our system improves the perfoaaaf the best
system published so-far (Carreras et al. 2002), which netg = 90.18%,

r = 78.11%, and F; = 83.71 on the test set. That system made use of the
same phrase recognition model, and the decisions wereelgagparately by
AdaBoost classifiers. Additionally, the scoring function wasohust combina-
tion of several classifiers.

OnNERC, we obtained a performance of 83.68 on the test set, whiabnis ¢
petitive, given the basic feature we used, but still far fribra top systems of
the competition, which achieved above 88An It seems that the feature en-
gineering and the use of external resources, such as lamgptteers, allows to
substantially improve the results on this problem.

To get a clearer picture of tieR-Perceptron learning strategy, we were inter-
ested in comparing it against usual alternatives, for dadsntification. We first



PHRASE RECOGNITION BY FILTERING AND RANKING 215

90

88

86

84

82

global F Measure

80 [ *

FR-Perceptron —+—
CO-VP e

8/

CB-VP
SVM

0 5 10 15 20

76

Figure 2:Evolution of the performance on clause identification

considered a batch classification setting, in which eachbtfon is trained sepa-
rately via binary classification loss. To do so, we generétege datasets from
training sentences, one for each function. Forgteet-endsets, each word in
the data formed a training example. For guereset, we generated only phrases
formed by correcstart-endpairs. In this setting, we trained the functions with
the voted perceptron batch algorithm for binary classiicafcs-vP), and also
asSupportVectorMachines $vM). Secondly, we considered an online alterna-
tive in which the functions are trained together via bindagssification loss. As
in the FR-Perceptron the score function is trained with respect to ttead be-
havior of the start-end functions, but here binary classifi feedback is given
instead of recognition-based feedback. We refer to thisahastco-vp.

Figure 2 shows the performance curve on the development ta&tins of the
F, measure with respect to the number of epochs during trairtigarly, the
behavior of theFR-Perceptron is much better than the others, being at any epoch
2 points better than the onlireo-vP model, and far from the batch models. It
seems quite evident that online models perform better thiwhbmodels because
they are able to capture the interaction between the fijeaird ranking layers.
Furthermore, looking at the difference betwdgrRerceptron anato-vPp, this
interaction is better exploited with the proposed recagnibased feedback than
with the usual binary classification feedback.

7 Conclusions

We have presented a learning architecture for general @hatascture recog-
nition. The method makes use of several decision functigesating in two
layers: at word level, to identify phrase candidates, amhedise level, to score
the optimal ones. Doing so, we are able to incorporate riatufes which rep-
resent partial structures of the solution. The main coatitim of the work is to
propose a simple online learning algorithm for traininghet same time, all the
involved functions in the form of voted perceptrons.

We have empirically proved the generality and feasibilityhe@ approach by
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applying it to different phrase recognition problems on edrantity recognition
and partial parsing, in which we achieve the state-of-thhg@arformance. The
experimentation evinces that exploiting the interactietween learned func-
tions during learning results in a better global behavior.
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Abstract

A larger-first approach to partial parsing is presenteds @bproach is op-
posite to current easy-first approaches, and is capabledfiping a more
detailed partial parse. Syntactic relations are identifredescending or-
der of their size. Special consideration is given to the canpemctuation
mark. Its presence is used in identifying large syntactiatiens and es-
tablishing a boundary for containment of ambiguity. Theteysis tested
on the Wall Street Journal section of the Penn Treebank dicampared
against a well-known easy-first approach.

1 Introduction

A growing trend in natural language processing is to deca@a@oparser into
intermediate components. First, part-of-speech infoionds assigned to each
word in the sentence. Next, a partial parse of the senteressifiging larger
phrases and clauses is produced. Finally, a semantic @aygserformed to
determine verb meaning and thematic roles, and resolvehattent issues. Un-
like part-of-speech tagging (Brants 2000; Brill 1994) aathantic interpretation
(Gomez 2001), no formal standard has been defined whichlissiabthe detail
or richnesghat a partial parser can and should achieve. We presergex-funst
approach to partial parsing which is opposite to curreny-$est approaches.
Syntactic relations are identified primarily in a descegdiamder of their size.
The approach is implemented with specialized sets of détéstic finite state
automata that assign a hierarchy of tags to the tokens irettitersce.

Abney (1996) defines an easy-first finite state approach thapgarsing
(namedcAss') in which smaller syntactic relations, like noun and verbgsies,
are identified first then combined to form larger syntactlatiens, like prepo-
sitional phrases and relative and subordinate clauses lafder-first approach
uses simple deterministic finite state automata to firsttiflefarger relations
and then focus on the smaller relations comprising them.

The first step in larger-first partial parsing is to deterntime syntactic roles
of commas (van Delden & Gomez 2004, 2003; Bayraktar et al.8),98nce
commas are usually used to delimit or comprise large syintealations. Jones

1 CASS Version 1h was used in our experiments
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(1994) notes that the comma is the most abundant punctuatéok in Wall
Street Journal Penn Treebank (Marcus et al. 1993). A closdysis of the Wall
Street Journal Section of the Penn Treebank 11l reveal 6Bt of all sentences
contain at least one comma with: 20% containing two comm#sg@ntaining
three commas; 4% containing four commas, and almost 2% ioimgefive or
more commas. We have found that the syntactic roles of concarabe deter-
mined with a 95% accuracy when tested on this corpus. A sigesiianetwork of
automata for commas is therefore a good foundation on whiehdst of the par-
tial parse should be built. Consider the following senter@mme seals, such as
the leopard seal(Hydrurga leptonyx), are quite predatdegding on penguins,
other birds that land on water, and other seals partial parsing system must
pay special attention to the roles that are being playedégdimmas in this sen-
tence in order to realize that there is a relative clauseoghiced by a comma)
which contains a list of noun phrases that in turn contairatheer embedded
relative clause. Such sentences are abundant in the Pegipefielll.

In this approach: 1) explicit attachment decisions are ydmeoided, and 2)
containment of attachment ambiguity may only occur wittimena-delimited
syntactic relations. Containment of ambiguity refers toiting the attachment
sites of a syntactic relation to its consuming clause. Fammgde,| picked up
the hammer, (REL which lay next to the nails on the tablEhe attachment
sites of the prepositional phrasesxt to the nail@ndon the tableare limited to
within the comma-delimited relative clause. Also consitlher sentencedvany
foreigners came to Hawaii to work on the plantatiorersusMany foreigners
came to Hawaii to work via transportation vesselk.cannot be determined
based on syntax alone where the final prepositional phrasddbe attached.
Thereforeon the plantationsindvia transportation vesseklsre left unattached -
they could be attached within the infinitival clause or to theo peer syntactic
relation in the sentence, like the main vedime

Besides the ability to accurately disambiguate commas|attyer-first ap-
proach is also preferred because it is capable of produciiaer partial parse
than an easy-first approadRichnes®f a partial parse refers to the level of detalil
a partial parsing system produces. The larger-first apprsacapable of iden-
tifying appositions and partially disambiguating coowtie conjunctions. An
easy-first approach, however, cannot be extended to previcle richness (see
Section 2 for more details).

The remainder of the paper is organized as follows: Sectioofvates the
need for the larger-first approach; Section 3 describesythiadtic relation set;
Section 4 presents the larger-first partial parsing algorjtSection 5 evaluates
the performance of the system and compares these results ta$s system;
and Section 6 concludes the paper.
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2 Motivation

An easy-first approach is unable to provide the detail of gelafirst partial
parser. In particular, attempting to identify appositiongartially resolve coor-
dination ambiguity will violate the easy-first approach.elarger-first approach
is also preferred due to the ambiguity of the part-of-speéagh (Santorini 1995)
used by most parsing systems.

Attempting to disambiguate appositionsfrom lists of nobngses would vi-
olate the easy-first approach. Syntactically, an apposisgusually) a noun
phrase enclosed by commas that appositives a precedingohoase. This rela-
tion is syntactically smaller than a list of noun phrasesoltis composed of at
least three noun phrases, one or two commas, and a conjun@ansider the
following sentenceJohn eats a banana, an apple, or a pear for breakf#st
applewould be incorrectly identified as an apposition by the dasyapproach
since syntactically smaller relations are identified ptmtarger relations. This
would occur whenever there is a list of at least three nouagg® with a comma
before the conjunction. The easy-first approach cannot temé&d to make this
distinction since smaller relations are always identifigdrto larger relations.

Unlike the larger-first approach, the easy-first approadiss incapable of
being extended to partially disambiguate coordinate cmtjans. Here we de-
fine partial disambiguation as identifying the post-cocjf a coordinate con-
junction. For exampleWe sold the car with the cloth interior and the truck
after our boss leftThe conjunction is identified as coordinating a noun phrase.
However, no attempt is made to identify the pre-conjutite (car or the cloth
interior). Partial disambiguation is reasonable at this point smsemantic al-
gorithm (Argawal & Bogess 1992) can be used to determine thecpnjunct
afterwards.

Baker (1995) suggests that coordination can be resolveddtifying the
largest relation of similar syntax on either side of the caotion. The larger-
first approach is ideal for accomplishing such a task. Candide following
sentenceThe boys went to the beach and the girls went to the.riialk larger-
first approach identifies the larger syntactic relations itimee side of the con-
junction first and is capable of determining that the confiamccoordinates two
independent clauses. An easy-first approach, howevergdwocbrrectly iden-
tify the conjunction as coordinating the smaller syntaotiations surrounding
the conjunction - the noun phrases.

The larger-first approach is also better at handling ambjighiat can be
present in part-of-speech tags. For example, the Penn dmkelagset (San-
torini 1995) provides one tadN) to identify either prepositions or subordinate
conjunctions. Following an easy-first approach, will régulan error whenever
a subordinate conjunction which could also be a prepositigamesent. For ex-
ample,John went to the black board after the teacher threatenedpelehim
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In the easy-first approachfter the teachewould first be identified as a preposi-
tional phrase. This error could possibly be changed laténdyrocessing. The
larger-first approach identifies the syntactically largaioadinate clausafter
the teacher threatened to expel him firsd later changes are needed.

3 The Syntactic Relation Set

The larger-first approach is broken down into four speciainetworks of de-
terministic finite state automata: 1) the Comma Network; &) €onjunction
Network; 3) the Clause Network; and 4) the Phrase Network.

The comma network identifies syntactic relations that ase@ated with the
commas in the sentence. Commas are usually used to delipittactic rela-
tion. In this case, the boundary of the syntactic relatiomé&sked by a comma,
the start of the sentence, or the end of the sentence. Howelien commas
are used to coordinate items in a series, a boundary needsgidblished. This
boundary is established by avoiding any type of attachmeceistns. For exam-
ple, Thomas purchased the housete country, the yacht with the 20 foot salil,
and the sports camwith the sunroaf Only the highlighted words are included
in the list of noun phraseswith a sun roofis not included in the list of noun
phrases, because syntactically we cannot determine wisrelld be attached.
In this case it should be attachedtte sports carbut if it is replaced bywith
the moneythen the attachment should occur at the verb. Our definifigartial
parsing is not violatedwith the sunroofcan be attached to a sub clause (the list
of noun phrases) or a peer (the verb). Note, however, tha¢ sttachment am-
biguity has been contained. Attachment sitesafith the 20 foot saire limited
to within the marked list of noun phrases.

The conjunction network identifies syntactic relations dn@& being coordi-
nated by a coordinate conjunction with no preceding comnmikeJthe comma
network, the boundaries for the conjunction network are \éten influenced
by attachment decisions. Conjunctions are only partiafigichbiguated by iden-
tifying the type of syntactic relations that are being caoated, leaving the lo-
cation of the pre-conjunct unresolved. For example, sold the car with the
cloth interior and the truckin the showcaseAnd the truckis identified as a
noun phrase that is being coordinated. However, the prptaonthe cal) is not
recognized and the prepositional phragetiie showcages not attached even
though it appears directly to the right tife truck This attachment requires se-
mantic information (Agarwal & Boggess 1992) and should re@pbrformed by
a primarily syntactic partial parser. For example, the esece could have been
We sold the car with the cloth interior and the sunroof in thewcase Even
though these sentences are syntactically equivalent,réieqmjunct is novthe
cloth interiorandin the showcaseshould be attachei the cat

Boundary identification by the clause network is also diyeictfluenced by
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attachment issues. For example, consitiet-clauses. No attempt is made to
classify a that-clause as a relative or subordinate clavsetbough the distinc-
tion is made in the part-of-speech tag that is assigned WIT (relative deter-
miner) or IN (preposition or subordinate conjunction). &atic part-of-speech
taggers, however, are not capable of correctly making tisténdtion. For ex-
ample, syntactically it cannot be determined thiat news that Mary bought the
car was excitingcontains a subordinate clause drfte news that Mary brought
the family was excitingontains a relative clause. Furthermore, the exact bound-
ary of the that-clause cannot be determined without sewgriti our approach,
the boundary of a that-clause is reached when an attachssré is encoun-
tered. For exampld,gave the Tulips that | bought in Holland to the childrén
Holland andto the childrenare not included within the that-clause. A semantic
analysis is needed to determine tivatHolland should be included antb the
childrenshould not be included.

4 The larger-first algorithm

If an automaton at any level in the cascade accepts, it asgigtuctural tago
the words that were consumed by specifically marked arcs>Tdynbol is used
as a prefix to indicate that the current token is grouped \ughiaken that follows
it. No > prefix marks the end of the syntactic relation. This notatias been
used in several partial parsing systems (Ramshaw & Marc85§; Mputilainen
& Jarvinen 1995) to introduce a new, single layer of tags. e\, it is extended
here to the next logical step - representing a partial treetstre of multiple lev-
els within the structural-tags. The larger-first partialgiiag algorithm is shown
in Figure 1.

The speed of the algorithm is dependant on the size of thesemtnumber
of automata, and number of levels created during the parsmwvetter, since
the number of automata is fixed and the number of levels ottiral tags is
relatively small (4 or 5), speed depends primarily of the sitthe input sentence
alone.

Each automaton is processed on every level of tags. Initiakre is only one
level of tags - part-of-speech tags assigned to every tokentagger. Each spe-
cialized network is capable of introducing one or more nexelieof structural-
tags to the sentence. In the larger-first approach, the mk$vwaye considered
in descending order of the size of the syntactic relatioasttiey identify. First,
the comma network is considered, then the conjunction né&tvialowed by the
clause network, and finally the phrase network.

Within a specialized network, conflicting automata are asaosidered in
descending order of size. Consider the following sentehattias been part-
of-speech taggedPeterNNP eatsV/BzZ a/DT bananalNN ,/, anDT appleNN ,/,
or/CC an/DT orangeNN for/IN breakfast NN ./. After part-of-speech tagging,
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foreach network
foreach automatoyy that assigns structural tag
foreach level,

try automatogy at each positiom on leve},

if automatogy accepts ab +m
insert structural tagat leve}, to the designated
input tokens and continue processing at the
positionn + m + 1 of level,

else
continue processing at positian+- 1 of levely

Figure 1:The larger-first partial parsing algorithm

this sentence has one level of tags and would initially besgé@s$o the comma
network. The sentence contains two possible syntactitisakathat could be
identified by the comma network: a list of noun phrases or gosigion. A
conflict therefore arises between the automata that rezedginése different syn-
tactic relations. The conflict is resolved by identifying teyntactic relations in
descending order of their size. The list of noun phrasesavt@refore be recog-
nized prior to attempting to recognize appositions. A nexellef structural tags
would be assigned by the list of noun phrases automa®eterNNP eatsV/BZ
a/>LST-NP/DT bananatLST-NP/NN ,/>LST-NP/, an/>LST-NP/DT apple/LST
NP/NN ,/>LST-NP/, or/>LST-NP/CC an/>LST-NP/ DT orangeLST-NP/NN for/IN
breakfastNN./. The first level of tags now includes structural as well as-pétt
speech tags, and the apposition automata will not be abiledortectly) identify
an apposition on the first level.

Automata across or within a network are capable of utiliztrgctural tags
that have been assigned by previous automata, relaxingrgperifirst rule. Con-
sider the following example that has been part-of-speegetd: PresidentNNP
BushNNP will/MD ,/, afterAN much)J debateNN ,/, postpone/B a/DT war/NN
with/IN Irag/NNP ./. The sentence has one level of tags and is passed to the
comma network which identifies a prepositional phrase thahtclosed by com-
mas:PresidentNPBushNNPwill/MD ,/>CO-PP/, after/~>CO-PP/IN much/>CO-
PP/JJdebatet-CO-PP/NN,/CO-PP/, postpone/Ba/DT war/NNwith/IN Iraq /NNP
. Note, however, that this syntactic relation splits the y@rtasewill postpone
The verb phrase can be recognized by simply includingCib€P structural tag
in the verb phrase automaton. When this sentence is passied phrase net-
work, the first level of tags will beNNP MD >CO-PP >CO-PP >CO-PP >CO-PP
CO-PP VB DT NN IN NNPORN this first level, the verb phraséll, after much de-
bate, postponis easily recognized by including a self arc that can be takethe
CO-PPtag in between the modal and the main vevim CO-PP* VB. This minor
adjustment allows the verb phrase automaton to identifyéne phrase. A new
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level of appropriate structural tagg-VP) would be introducedPresidentNNP
BushNNPwill/ >CO-VP/MD ,/>CO-VP/>CO-PP/, after/ >CO-VP />CO-PP/IN
muchtCO-VP />CO-PP /JJ debate/>CO-VP />CO-PP /NN,/>CO-VP /[CO-PP/,
postponeCO-VP/VBa/DT war/NN with/IN Irag/NNP./.

Consider the following example senten¥ée ought to be phasing out the es-
tate tax, and we should work toward a tax code that is unigueraadern The
comma network first recognizes that an independent claD®eS) is present
in the sentence, and introduces a new level of appropriedetstal-tags. The
remaining networks are now processed on both levels onevemd The con-
junction network recognizes that an adjective is being dimated CC-J) on
the second level and introduces a new layer of appropriatetatal-tags. The
clause network now has three levels to process. An infihitlause is rec-
ognized on the first level and a that-clause on the second I®ete that the
that-clause automaton consumes the tags that were assigrkd conjunction
network CC-JJ. This is an example of where a smaller syntactic relatidtds-
tified first and then combined to form a larger one. Finally phease network
processes all four levels and groups together any remasyintactic 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-dJ 1
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5 Evaluation

The larger-first approach (hereafter referred toLasl — LArger-Flrst) was
evaluated on Section 23 of the Wall Street Journal Penn @rdehl (Marcus

et al. 1993). TheAasssystem was also evaluated on this corpus. The results are
shown in Table 1.

System Accuracy Richer Partial Parse Better Ambiguity @mment
CASS 87.5% - 5.1%
LAFI 88.6% 31.3% 36.3%

Table 1:Evaluation and comparison of tleassandLAFI systems

CASS was compared againstAFl by following three evaluation criteria:
1) accuracy on the sentence level, 2) richness or detail dfapparse, and
3) containment of ambiguity.

5.1 Sentence level accuracy

cAassandLAFI identify many similar syntactic relations, motivating angoari-
son between the two approaches. Howewngr identifies appositions and par-
tially disambiguates conjunctions whicass s incapable of identifying. Fur-
thermore, the exact boundaries of the syntactic relatiodsst&ructure of partial
parse differs across systems. Sentence level accuracgdshese to generate a
rough comparison of both systems based on their own criéeribsyntactic re-
lation set. Since theass system identifies a different set of syntactic relations
thanLAFI, it would be illogical to compare them on the syntactic lielaievel.
Instead, an error was assigned if either system made a mistakhe sentence
level. As shown in Table 1, the evaluation yielded a similzcusacy for both
systems: 87.5% focAass and a slightly better 88.6% farari. This measure is
intended here only as an indicator tha¥i is capable of producing an accuracy
comparable to theAss system.

The main contribution of the larger-first approach is thé @tapable of pro-
ducing a richer partial parse and a better containment ofguritp while main-
taining an accuracy comparable to that of the easy-firstosupr.

5.2 Partial parse richness

The richness of a partial parse refers to the level of defadlréial parsing system
produces. A system that disambiguates more syntactiametathan another
system delivers a richer partial parse. Sentences that emrectly partially

parsed by both systems’ standards were analyzed to see systdm created a
more detailed partial parse. As shown in TableArI produces a richer partial
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parse on 31.3% of the test sentences, indicating thratis capable of achieving
a more detailed partial parse thansswhile remaining as accurate as thess
system.

5.3 Containment of ambiguity

Sentences that were correctly partially parsed by keths andLAFI were also
analyzed for the extent of containment of ambiguity. Singel uses comma
information to help limit attachment sites, containmenatiichment ambigu-
ity is often much better in sentences containing commas.haws in Table 1,
the LAFI system contained ambiguity of attachment sites better thacAss
system for 36.3% of the test sentences - primarily becauskeoinformation
provided by the comma punctuation mark. In some situatioass performs a
right-most attachment of prepositional phrases. In thases; the&eAss system
produces better containment of attachment ambiguity tham (if the attach-
ment is correct) sinceArl does not resolve any explicit attachment decisions.
If an attachment is incorrect an error is generated (Seétibn The 5.1% better
containment of ambiguity fotASs corresponds to the simple right-most attach-
ment of prepositional phrases that is sometimes performelddcass system.

6 Conclusions

A larger-first approach to partial parsing which is oppositeurrent easy-first
approaches has been presented. Syntactic relations aut#igteprimarily in
descending order of their size. The accuracy of the largardpproach is com-
parable to that of the easy-first approach while: 1) prodpeirmore detailed
partial parse than the easy-first approach is incapablecofyging; and 2) pro-
viding a better containment of ambiguity by identifying tegntactic roles of
commas early in the parse. An algorithm has been preseraéthtitementally
applies each set of specialized automata to an input senteapturing a par-
tial tree structure with multiple levels of structural tabat 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 formalismgHR Grammars ¢HRG), is proposed that pro-
vides a constraint-solving approach to language analpsigt, on top of
the programming language of Constraint Handling Rules énstime way
as Definite Clause Grammarmsda) on Prolog. GIRG works bottom-up
and adds the following features when compared witle: (i) An inherent
treatment of ambiguity without backtracking. (ii) Robustrging; do not
give up in case of errors but return the recognized phras@# flexibility
to produce and consume arbitrary hypotheses making ightfarward to
deal with abduction, integrity constraints, operatita assumption gram-
mars, and to incorporate other constraint solvers. (iv)t©drsensitive
rules that apply for disambiguation, coordination in natlanguage and
tagger-like rules.

1 Introduction

Definite Clause Grammars (Colmerauer 1975, Pereira & Wart880)
(DcG) have been appreciated for their declarative nature anduéire envi-
ronment inherited from the logic programming language &tyoM/here Prolog
andDcG work top-down, the language of Constraint Handling Ruleg&liwirth
1998) €HR) provides a logic programming framework for bottom-up camp
tations that implies several advantages for language psawg (Abdennadher
& Schitz 1998, Abdennadher & Christiansen 2000). In faoy, eontext-free
grammar omCG can be rewritten in a straightforward way as a set of propaga-
tion rules ofcHR that serves as an error robustparser with an inherent tegditm
of ambiguitywithout backtracking, and no artificial nomténals are necessary
as often in abcG. Restrictions are that empty productions and loops among
nonterminals cannot be handled.

A new and powerful grammar formalism, calletirRG for CHR Grammars,
is proposed with a form of context-sensitive rules that catetinto account
arbitrary grammar symbols to the left and right of a sequenggposed to match
a given nonterminal. This allows tagger-like grammar ruiesan be used for
disambiguating simple and ambiguous context-free gramutes, and provides
also a way to handle coordination in natural language as istigvan example:
The following rules are excerpt of@HrR grammar for sentences such &eter
likes and Mary detests spindch
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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 commple -verb -

obj sequence can be reduced teeat node. The second rule is an example of
a context-sensitive rule: It applies t@abj -verb sequence only when followed
by terminal symbol &nd” and anothesent node, and in this case the incom-
plete sentence takes its object, matched by variabfim this followingsent

node. The marker/* " separates theubj -verb sequence from the required
right context; a similar marker may indicates left contelt.contrast to most
other notationsgcHRG mentions the constituents before the whole to emphasize
the bottom-up nature.

The CcHRG notation includes the full expressive poweraHr, including the
ability to integrate with arbitrary constraint solvers amtighly flexible way to
handle sets of extra-grammatical hypotheses. For exaraptkjction for con-
text comprehension can be characterized#RG in a surprisingly simple way
that requires no meta-level overhead as do other appro&ziaésiuction in lan-
guage processing. Elements of linear logic as in Assumgiammars (Dahl
et al. 1997) are included in a similar way; for reasons of eptftese and other
facilities are not presented here but we refer to the webfgiteHRG (Chris-
tiansen 2002b) with comprehensive set of examples and téatber journal
paper (Christiansen 2005).

2 Background and related work

The notion of constraints, with slightly different meansngs often associated
with language processing. “Constraint grammars” and “caifon grammars”

are often used for feature-structure grammars, and camgbragramming tech-

niques have been applied for the complex constraints tieg ar natural lan-

guage processing; see, e.g., (Allen 1995, Duchier 2000)ntooduction and

overview. See also (Blache 2000, Duchier & Thater 1999, Mama 1990,

Schroder et al. 2000) for similar approaches.

CHR has been applied for diagram parsing by Meyer (2000) but latioe
rated into a grammar formalism; Morawietz (2000) has imm@eted deductive
parsing (Shieber et al. 1995) @HR and shown that a specialization of a general
bottom-up parser leads to rules similar to those produceslibyranslator; none
of these consider context in the sense we do. Abductiammhas been applied
by (Christiansen & Dahl 2002) for diagnosis and correctibgrammatical er-
rors. An attempt to characterize the grammar of ancient &gyhieroglyph
inscriptions by means of context-sensitive rule€HRG is given by (Hecksher
et al. 2002). @R is available as extension of, among others;sBus Prolog
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(Swedish Institute of Computer Science 2002) which is thsiva applied in
the present work.

3 Syntax, semantics and implementation ofHRG

A CHR Grammar or CHRGfor short consists of finite sets gfammarandcon-
straints symboland a finite set offrammar rules An attributed grammar sym-
bol, for short called grammar symbglis formed as a logical atom whose pred-
icate symbol is a grammar symbol; a grammar symbol formetbksn /1 is
called aterminal, any other grammar symbolreonterminal Sequences of ter-
minal symbolsoken( a,), ..., token( a,) may also be writtefay, ..., a,];

if ground, such a sequence is callestang.

A propagation (grammar) rulés of the forma-\ g/- v:> G| §. The
part of the rule preceding the arraw is called thehead G theguard, andd
the body;a, 3, v, 0 are sequences of grammar symbols and constraints so that
[ contains at least one grammar symbol, antbntains exactly one grammar
symbol which is a nonterminal (and perhaps constraints}y) is calledleft
(right) contextand § the core of the head;G is a guard as ircHR that may
test properties for the variables in the head of the ruleefifdr right context
is empty, the corresponding marker is left out and'ifs empty (interpreted as
true ), the vertical bar is left out. The convention frobcé is adopted that
non-grammatical constraints in head and body of a rule acosed in curly
brackets.

The implemented system combinesiRG with rules of CHR and Prolog
which is convenient for defining behaviour of non-grammatonstraintsSCHRG
includes also notation for gaps and parallel match not desthere.

In Chomskian grammars, derivations are defined over stohggmbols and
this suffices also for a large class OFRGs. Several aspects afHRG make
this too restrictive: Context-sensitive rules @irG extend those of Chomsky
by the possibility to refer to any grammar symbol which haerbereated at
some stage during derivation (not only the “current” stagejra-grammatical
hypotheses created during a derivation serve as a commuurcesor all subse-
guent derivation steps;HRG 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 derivation€iaRG seems to be to represent
sequencing by means of word boundaries (e.qg., integer msjndred each stage
in the derivation as a constraint store. For each grammabglyi of arity n,
we assume a corresponding constraint also denotéd afyarity » + 2 called an
indexed grammar symbualith the two extra arguments referred to as phrase (or
word) boundaries

For a grammar symbat = N(a), the notationS™ " refers to the in-
dexed grammar symbdV( ng, ny, a) with integersn, < n;; in case of a ter-



230 HENNING CHRISTIANSEN

minal, ng + 1 = n; is assumed. For any sequenceof grammar symbols
Si, ..., Sk and increasing integersy, ny, ..., ng, We leto™ " refer to the set
{syom L St with the existence ofiy, . .., m;y understood. This ex-
tends so that for a sequence of grammar symbols and extmaagatical con-

straints, we remove all constraints from the sequencengleties on the remain-
ing grammar symbols, and add again the constraints in thiginal position.

A constraint storas a set of constraints and indexed grammar symbols and
theinitial store for a terminal string is the storex* wherek is the length of
o. An instance(andground instancgof a grammar rule is defined in the usual
way. Aderivation stegdrom one constraint stor®; to anotheiS, by an instance
of a propagation grammar rute-\ 5/- ~:> @G| ¢ is defined whenever

e - JxG wherez are the variables it notina, 3, v,

® (YL’] U ﬁ]’k U ’}/k’é Q S], andSQ = S] U 6j’k.

Useful for optimization purpose€HRG includes two other sorts of rules that
reflect the underlyingcHR system. Asimplification (grammar) rulés 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 prefixedhbgxalamation
mark “1 ”. Derivation with these rules is defined as above, excefptttr@new
state is givers, = S; U ¢/ \ 7% U p* where"* are those elements @f*
prefixed by exclamation marks.

A parsing derivationfor terminal stringo (and given grammar) is defined
as a sequence of steps starting with stalte. A final constraint store is one in
which no further step can apply; for any grammar symNolith N%" in the
final store, we say tha¥ is acceptedrom o.

CHRG is implemented by a straight-forward compiler that tratesa gram-
mar into acHR program which, when executed, realizes the semantics define
above in the shape of a running parser and analyzer. As sho{@hristiansen
2005), execution speed depends highly on the grammar: t8dlgcammars run
in linear time and arbitrary context-free grammar withdtrilautes runs in cubic
time similarly to classical algorithms such as Early andk&e¥ounger-Kasami.

4 Examples

The following shows the full syntax used in the implementgdtam. The
“handler ”command is a reminiscent of tleHR system; grammar symbols are
declared by thgrammar symbols construct as shown. The final command has
no effect in the present example, but it adds extra rulesetetx 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 rukes, s
the token s, nps, andverb are not consumed. If a rule were added, spy
[likes] ::> sentencel , asentence as well as asentencel would be
recognized. If all rules were changed into simplificatiolesu/changing:> to
<:>), only one would be recognized. For an ambiguous grammaropiggation
rules, a sentence node is generated for each differentiggadi

Context-sensitive rules were shown in the introductiorcfoordination han-
dling. In the following, left and right contexts are appliad tagger-like fashion
to classify eachmoun as asubj or anobj according to its position relative to
the verb.

noun(A) /- verb() > subj(A).
verb(_) -\ noun(A) > 0obj(A).

noun(A), [and], subj(B) ::> subj(A+B).
0bj(A), [and], noun(B) :> obj(A+B).

Context parts perhaps combined with simplification rulesteaused for disam-
biguation of straightforward and otherwise ambiguous grams. The follow-
ing shows a grammar for arithmetic expressions with tradal operator prece-
dence; the semicolon denotes alternatives in syntactiegband thevhere no-
tation stands for syntactic replacement (enhances rdagatily); notice how
standard Prolog tests are applied in guards of the two l&est.ru
e(E1),[+],e(E2) /- Rc <:> e(plus(E1,E2))
where Rc = ([+[')];[eof]).
e(E1),[*],e(E2) /- Rc <:> e(times(E1l,E2))
where Rc = ([*[;[+L[')];[eof]).
e(E1),['l,e(E2) /- [X] <> X \= " | e(exp(E1,E2)).
[(1, e(B), [)] <> e(B).
[N] <:> integer(N) | e(N).
This grammar uses standard ‘follow’ items but hopefullyllitstrates the flexi-
bility that CHRG provides for a competent grammar writer to engineer compact
yet precise and widely covering languages specificatiotisont too many arti-
ficial grammar symbols.

5 Abduction in CHRG

Abduction for language interpretation, which traditidpdlas required a heavy
computational overhead, can be implemente®#RG in a strikingly simple
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way; the principle was first introduced by Christiansen @4)0and is described
in detail in (Christiansen 2005) which also gives backgrbreferences.

We sketch the principle briefly as follows. Consider thedaiing logical
grammar rule in whicl refers to a fact about the semantical context for a given
discourse; it can be read a£HRG rule or an equivalermca rule.

a, b, {F} > ab Q)

If two subphrases referred to lyandb have been recognized and the context
condition F' holds, it is concluded that aab phrase is feasible, grammatically
as well as with respect to the context. Analysis with suchgworks well when
context is known in advance for checking that a given disseis syntactically
and semantically sound with respect to that context.

In case the context is unknown, we have a more difficult aliriproblem
of finding proper context theory so that an analysis of an feskdiscourse is
possible. Rules of the form (1) are not of much use unless tampireter that
includes abduction is involved.

Our solution is to move the reference to the contextual pegds into the
other side of the implication, thus replacing the rule abwith the following:

a, b > {F}, ab )

Intuitively it reads: If suitable andb phrases are found, it is feasible to assert
F and, thus, under this assumption conclate

Obviously, the two formulations (1) and (2) are not logigadfuivalent but
it is straightforward to formulate and prove correctnessr & unambiguous
grammar, the transformed version indicated by (2) can beutgd as aHRG
with the correct abductive explanation of a discourse bedagl out of the final
constraint store. The futHRG system includes additional methods for ambigu-
ous grammars to avoid different hypothesis sets for diffeadductive interpre-
tations to be mixed up.

A specification based on abduction nedudtegrity constraintso suppress
senseless explanations. ThRRG system allows to express integrity constraints
directly ascHR rules is shown in the following example. An IC is a condition 0
rule that expresses a restriction

Consider the discoursé&arfield eats Mickey. Tom eats Jerry. Jerry is mouse.
Tom is cat. Mickey is mouséNe intend to learn from it a categorization of the
individuals and which categories that are food items foemth An interesting
guestion is to which category Garfield belongs as this is resttianed explicitly.
The abducible predicates for this grammarfacel 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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l.e., the category for a name is unique, and for the sake efakample it is
assumed that a given category is the food item for at most trer category.
The following part of the grammar classifies the differertos.

[tom] ::> name(tom).

[is] ::> verb(is).

verb(is) -\ [X] <:> category(X).
The last rule applies a syntactic left context part in ordeclassify any symbol
to the right of an occurrence ofs* " as acategory

A sentence Tom is catis only faithful to a context iftateg _of(tom,cat)
holds in it. Thus, if sentencélom is catis taken as true, it is feasible to assume
categ _of(tom,cat) ;ingeneral:

name(N), verb(is), category(C)
2> {categ_of(N,C)}, sentence(is(N,C)).
A sentence Tom eats Jerryis 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 téexbfacts are
recorded. First sentenc&arfield eats Mickéygives rise to

categ_of(garfield,X1), categ_of(mickey,X2),
food_for(X1,X2).

The “X’s are uninstantiated variables. The nekbf eats Jerrygives
categ_of(tom,X3), categ_of(jerry,X4), food_for(X3,X4)

“Jerry is mousegivescateg _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 mouseproducescateg _of(mickey,mouse) that triggers
the first integrity constraint unifying2 with mouse and thus the second IC
setsX1l=cat and there is no other possibility. So as part of the solutiothis
language interpretation problem, we have found that Gdrigeh cat.

6 Conclusion

CHR Grammars founded of current constraint logic technologsetzeen intro-
duced, and their application to aspects of natural langsggtx illustrated by
small examplescHRG is a technologically updated ancestor of Definite Clause
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Grammars: A relative transparent layer of syntactic sugar a declarative pro-
gramming language, providing both conceivable semantidsfairly efficient
implementation. ICHRG we have just replaced Prolog by Constraint Handling
Rules. The result of this shift is a very powerful formalismwhich several
linguistic aspects usually considered to be complicatediféicult are included
more or less for free:

e Ambiguity and grammatical errors are handled in a stragyithrd way,

all different (partial) parses are evaluated in parallel.

e Context-sensitive rules, which are inherent part of theagigm, handle

aspects of coordination in an immediate way.

e Abduction, which is useful for identifying indirectly imigld information,

is expressed directly with no additional computationalides needed.
Context-sensitive rules combined with the ability to hantdift-recursion (as
opposed tdcaG) are a great help for producing grammars with relatively, few
concise rules without artificial nonterminals; a drawbagkhie lack of empty
production.

There is a large unexplored potentialitydrRG and language processing by
means ofctHR. We can mention the possibility of integrating arbitrarystraint
solvers, and adding weights to prioritize between diffegarses (and abduc-
tive explanations!) seems quite straightforward. For examBistarelli et al.
(2002) have shown how to handle soft constraintsh® and this opens up for
integrating recent results in statistically based parsing

In another paper (Christiansen & Dahl 2002) we have extemd#dfacil-
ities for error detection and correction. Robustness cogthiwith flexibility
(e.g., error correction) makes application in speech sysiateresting: If, e.g.,
the phonetic component cannot distinguish a token fromgokéts or cats
we simply add both to the input state with identical bourekari Parsing
from a state{token(o,l,hats) , token(0,1,cats) , token(1,2,eat) ,
token(2,3,mice) } will explore the different options in parallel, with only
those satisfying syntactic and semantic requirementsec¢tual grammar lead-
ing to a full parse tree. No real-world applications haverbdeveloped irtHRG
yet, but we have good expectation for scalability as sefegtammars can run
in linear time. Furthermore, the full flexibility of the undging cHR and Prolog
machinery is available for optimizations. IndependentlyRG is available as
powerful modeling and prototyping tool.

In a way, the idea is naive, almost too naive, just applgragmmar rules
bottom-up over and over until the process stops. Howevegamerely now on
the underlying, well-established computational paradajroHRr for such rules-
based computations.

It is our hope that the availability of theHRG system can stimulate research
in constraint-based language analysis, ideally leadirsgftdl integration of lex-
ical, grammatical, semantical, and pragmatic processing.
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Abstract

Applying knownlEe techniques to independent parallel texts describing the
same information and merging the results brings signifisaptovements

in performance. Recall summed over six botanical desoriptdf several
plant species is triple the average for each text indivigualVe analyse
these results, and describe the processing techniquesTissdeads us to
the concept of “greedy extraction”, where the informatiemplate is not
frozen before processing, but can incorporate new infaondbund in the
text(s).

1 Overview — parallel texts and greedy extraction

Our experiments show that applying knowrtechniques to independent parallel
texts describing the same information, and merging thdteduings significant
improvements in performance. Recall summed over six boghuliescriptions
of several plant species is more than triple the averageaftr text individually.
This arises from two independent factors:

(1) The source texts contain different subsets of the tasirdd information
space;

(2) Failures in extraction from any one text are significamtiten corrected
by accurate results from other texts. 50% of all false negatare com-
pensated by results from other sources; in 24% of templats, s false
negative in processing one text is compensated by accumategsing of
one or more others.

The use of redundancy, in the form of analysing multiple lpelraources, has
been explored in computational lexicography (Veronis & 1@91) and in In-

formation Retrieval (Ingwersen 1996), with promising é&su Veronis & Ide

derived concept hierarchies (“ontologies”) from five maehieadable dictionar-
ies using keywords in definition texts. Since these defingtiare informal and
at times inaccurate, the individual ontologies were only4806 complete and
correct compared to human judgement. However, correlatimgmerging them
yielded a 94% success rate. Missing classifications wegslfil (recall), and

mis-classifications were corrected (precision), by catieh with accurate anal-
yses of other sources. Exploiting redundancy across nheikipurces will have
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Figure 1:1e from parallel texts

different effects in detail in different domains: in the peat case, it is primarily
recall which is dramatically improved.

Traditionally, IE is restricted to finding answers to a predetermined set of
guestions encoded as the slots in a template. Any informatithe source text
which is not mapped to a slot in the template will not be exadc This is
appropriate for many purposes, but ours is different: weatonant to limit in
advance what information can be extracted from our soupds,tbut fully to
exploit the information resources they offer. We call thige'edy” extraction.
This has significant implications for the techniques to bedusiMe cannot rely
on designated keywords, for example, to help fill a templ&kallow parsing
techniques are used to identify heads and their associatddiens. The initial
template is hand-built by a domain expert, informed by thstaNew heads can
be added to the template as they are found, through an ititeracocess which
supports - but does not replace - the domain expert.

Systematics(the science of identifying, describing, mayrand classifying,
and tracing the origins of living things), like all maturesdeiptive sciences, is
rich in written data, and particularly in semi-formal natulanguage records of
careful observations repeated across time and space. €tdéomake these im-
portant primary resources for biodiversity research atéd in structured elec-
tronic form is urgent, as recognised by G7 and the BiodityerSonvention,
among others.

Botanical description offers multiple parallel indepenti@escriptions of the
same information (descriptions of plant groups); a wellanstbod technical do-
main suited tae; and a genuine real-world need for language engineering sup
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port. Botanical texts (Floras) are variable in informatemmtent — different au-
thors’ descriptions of the same plant group describe soratglifierent features.
Thus a matrixof data points against sources is sparselylaiggl(cf. Table 1).
Floras also differ in vocabulary and phraseology.

2 Parallel texts — corpus and data

Our training set comprises the descriptions of five spedi@aaunculus (butter-
cup) given in six Floras, chosen to be both representatitieeofnany available,
and independent of each other. Together with the highesrdeckon (genus and
family) descriptions, this gave us 42 texts of average ledd6 words (range 32-
208). Although short bye standards, this is typical of the text-type. The texts
were scanned and th@CR output hand-corrected: on the scale of our experi-
ments, the time involved was acceptable. In our target desnfar expansion,
the sources are already in electronic form, so we do not seadtan obstacle to
scaling up. The test set comprises descriptions of five epaxithe Lamiaceae
(mints and related herbs). The text-type is syntacticahhlar to the training set,
while the plant morphology and associated vocabulary dfecigmtly different

to test the scalability of our approach.

Most botanical descriptions are not true “natural” langaidayit highly stylised
lists of noun phrases, usually lacking verbs and articlesyather. This leads to
an information-dense text type (a result of the space ltinita historically im-
posed on authors of Floras). Here is a short, but otherwjsedlyexample:

1. R. acris L. - Meadow Buttercup. Erect perennial to 1m; basa
leaves deeply palmately lobed, pubescent; flowers 15-25on0ss;
sepals not reflexed; achenes 2-3.5mm, glabrous, smoothsiatrt
hooked beak; 2n=14. (Stace 1997)

Although problematic for a general-purpose parser, thig-tige is highly
amenable to analysis with specifically tuned resourcessé hee small datasets,
by normalie standards, but adequate to provide proof of concept. Woik is
progress on scaling up.

Based on hand analysis of the texts, we built a three-diroeakdata matrix
for each species, where columns represent Floras, ronss@qrcharacters, and
the third dimension is the taxonomic hierarchy, allowiniggritance of informa-
tion from higher taxa into species descriptions where gmjeite. Table 1 shows
a small section of one of these matrices.

The matrix is sparsely populated: itis common for only onghefsix Floras
to give any value for a character. Thus, for example, the sscdptions of R.
acris have, on average, 44 slots each in their individuaptates (range 17-68).
The combined template for R acris from all sources has 134.dfoequently one
Flora gives a single value or narrow range for a charactelevemother gives a



240 WOOD, LYDON, TABLAN, MAYNARD & CUNNINGHAM

CT™M FF FENA 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 reaning is needed to
confirm that the various values are compatible. Variatiarisiminology are also
common (“3-lobed”/ “3-parted”/ “tripartite”; “stem leag& “cauline leaves”),

and can be accommodated with an adequate glossary or lex@antain alter-

nants in phraseology also recur (e.g., “lobed”/ “with Idheand can easily be
handled in the grammar. Genuine disagreements are very(&se Lydon et al
(2003) for further detail.)

The nature of the source texts thus limits the potentiallrpea text against
the total sum of available information, and forms in itselfstrong argument for
the analysis of parallel texts. However also, as we will sdgere texts do contain
the same information, failures in extraction from one tertsignificantly often
compensated by successes from others.

3 Shallow parsing

Our system builds on the Natural Language Processing déjgabprovided by
GATE, a General Architecture for Text Engineering, developethieyNLP group
at the University of Sheffield (Cunningham et al 2002); itéaséd oraNNIE, an
information extraction system integrated int@TE. The system comprises a
version ofANNIE’S main processing resources: tokeniser, sentence sphtts
tagger, gazetteer and finite state transduction grammag.rdsources commu-
nicate viaGATE's annotationari, which is a directed graph of arcs bearing ar-
bitrary feature/value data, and nodes rooting this datadotument content (in
this case text).

IE technology is used to recognise and characterise infoomatiout plants
and their features. This enables the recognition of inféionasuch as text head-
ers, details of plants, recognition of their componentssartttomponents (such
as leaves, stems, root and descriptions of their charatitarisuch as the size
of the plant, leaf shape, petal colour, etc.). This is addaysing the resources
described above to annotate textual patterns (using xgst punctuation, syn-
tactic information etc. as evidence). Relations can theidestified between
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identified patterns so that features can be correctly linkete relevant compo-
nent.

The JapPE (Java Annotation Pattern Engine) grammars identify pasteuch
as Modifier + Head, e.g., “short caudex”, where the Modifiarsists of an ad-
jectival group, and the Head (a plant component) is takem faogazetteer list.
Heads are annotated kead while modifiers are annotated &antFeature
Text headers are also annotatedHasader e.g., “1. R. acris L. - Meadow Butter-
cup.” in the text above. Each annotation may be given optiattidbutes, which
are used either to further classify the heads and featunelsteplace them cor-
rectly in the database at export time), or simply for debnggiurposes (e.g., to
show which rule has been fired). In the example above, “sh@dhnotated as
a PlantFeatureand given the attributAdjHead(because it precedes the Head),
while “caudex” is annotated simply &ead

The last processing resource used is a results extractohyhises the pre-
viously generated annotations and associates the setatafde with their re-
spective heads, using the information previously desdriiseich asHeadAd;
and AdjHead to determine the correct association. It also extractséution
header information from the input texts. Once all the infation is collected,
it is exported in a text file in tab-separated-values forrhat tan be used with
other tools (e.g.MS Excel) for results analysis.

The system output for Stace’s description of R. acris (gaeove) is shown
in Table 2. The only significant mistake is that the achereklies been over-
looked. Compared to the gold standard template for this extertecall is 82%,
precision is 93%.

Header: 1. R. acris L. - Meadow Buttercup

HEAD KIND FEATURE TYPE KIND NEGATION
Erect perennial
tolm 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 eacthitea set (of descrip-
tions of the same species) contains only a subset of thestatalof information
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in all texts, which is our target and gold-standard. We mustafore evaluate the
performance on each text twice: against a text-specific ke pontaining slots
for exactly the information which is actually in that texhdhagainst the total.

The figures for R. acris are typical. The text-specific tertgptdze averages
44 slots, compared with 134 in the combined template: a rémge 27% to
62% of the total, averaging 39%. The percentage figures fhantext-specific
evaluation, multiplied by the appropriate percentageh@®fihole template, give
us the figures for each text against the total.

The recall figures for the six descriptions of R. acris in thial dataset,
each compared with its own text-specific template, ranga %% to 85%, av-
erage 70%. For each against the combined template, thedigteel 0% - 34%,
average 22%. The example above is our shortest text, anddleaocurately
analysed; however, its individual template contains ord%6lof the slots in the
complete template for the species, so recall by that stdridamly 10%.

Table 3 shows the system’s performance for the first three afetexts to
be analsysed in detail. The most significant figures are igigtdd: the average
recall from a single text, compared to the full template 2%@ while the recall of
the six combined is 71%. 50% of all instances of false negative compensated
for by one or more other sources. Compensation for falsetivegaccurred in
24% A7of the total number of slots in the full template (includidgetmissing
achene-beak in the example above).

Precision currently averages 78% against single temp(ag@sn better for shorter
texts), 63% against the whole template. We are able to usessengative account
of precision, as recall from parallel sources compensatestiigh proportion of
false negatives, so we are satisfied with a relatively lowr&dere. The perfor-
mance numbers for the individual texts against the combiestplate are low
by currente standards, precisely because the template is so large.eMso the
hand-built gold-standard data matrix is sparsely popdlatseme of the perfor-
mance gain from merging results across texts is inhereheitexts themselves.
However, our results show that correlating extraction ltssacross texts also,
with significant frequency, compensates for processinyrr

5 Greedy extraction

As discussed earlier, our concept of greedy extractioreidiffrom traditional
information extraction in that we do not determine in adeaclosed set of slots
in the template which we wish to fill. Rather, we aim to be ablgrow or adapt
the template when new text sources bring in new types ofrimédion. This may
happen on a small scale when a new text is analysed descalimown species.
It will be a significant issue when a new species is considirethe first time,
possibly with parts or features not found in previous aresdyd-or example, in
extending our system coverage from the training set (Rarugjto 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 informatigpercentage
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 sygecie

(Lamiaceae), the main “plant parts” and characters destritere the same for
the two groups. Proceedings of the The sub-parts, howeitkeratdy, mainly
in the flowers: floral structure differs significantly in thents from the simple
buttercup, so new terms and features were introduced. éTémer around 110
slots for inflorescence in Ranunculaceae, around 190 in &ceaki).

Our method for greedy extraction builds on work at Sheffigidtte Ha$e
system (Maynard et al 2002), which detected informatioruabealth and safety
issues from company reports. Here the set of slots waslipitiaknown, and
generated partly by manual analysis of the texts, and paytBystem-generated
output. It was fixed after system training, and could not belified automati-
cally.

Our approach takes this a logical step further: the set ¢6 skn be modified
by the user in an interactive process which is interleavat parsing. Unfa-
miliar elements detected by the shallow parser are presé¢otthe user. New
concepts can be added to the gazeteer lists — thus fused,petkhown in Ra-
nunculus, are typical of the Lamiaceae. New vocabulary esyms for known
concepts, as when one author calls petals “honey-leavesirbe added to the
lexicon. (We expect this to be relatively rare, as the systéerdy includes a
comprehensive botanical glossary derived from Lawren88X)) This enables
us to pick up new types of information found in new text soaraehich would
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be ignored by traditional methods, while maintaining therfal integrity and
boundedness of the knowledge representation.

Looking at the range of significant information found eveglvsely related,
largely consensual technical text in a small domain, it bee® clear that we
stand to gain significantly if we can adopt an open-ende&€edy” approach to
Information Extraction. The very success of this approaelus$ to a problem of
scale. Our first template for five species of Ranunculus destiby 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 entityxFRUIT> which is part of the whole
plant, anckFRUIT 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, inddpat domain-
specific information lattice, built in a Description Logiddrrocks 2002), is ac-
cessed by all relevant processing modules and also sertks &emplate” for
placing extracted information. This one component can beareplaced for new
domains.

6 Prospects

If Systematics appears “narrow”, other important techindmamains also have
data unhelpfully distributed over multiple text sourcea. Bioinformatics, for
example, new research results are appearing rapidly imgdsiand in the com-
ment fields of various large databases (e.g., in 2000, 130catibns per month
on E. coli metabolism). Keeping up with these developmeunitseatly requires
massive human effort. VBISS-PROTIis 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 softwazading the
literature, contacting experts in the field, and so on. Gledrere

is a demand for information that helps the consumer turn iddta
understanding ... the challenge is to make this kind of hueffamt
sustainable. (Miller & Attwood 2003)
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This domain shares with botany all the characteristics wbipport our multiple-
source, greedy techniques. Our interactive approach tpl&enexpansion is
also ideally suited to “mak[ing] this kind of human effortssainable”: support-
ing, not replacing, the domain expert is central to our Itgrga objectives. The
volumes of text to be processed in this domain are largerithaatany, but they
already electronic, so our only real bottleneck, hand atioe of OCR output,
is not an issue. Beyond the natural sciences, it may prowéuirto apply our
technique to parallel multilingual texts, either natwaltcurring, or obtained by
machine translatioh.

Traditional work inie has drawn on intuition about a small core of important
common information in domain-specific texts to build a ptedained template.
HaSE brought a first degree of automation to the task of templaildibg from
texts. Parallel texts offer a significant increase in thaltatmount of information
available to be extracted in a domain. Greedy extractionesi#tke most of this.
The improvement we have shown in actual extraction from 2@%l€6 proves
the value of analysing parallel text descriptions to extthe greatest possible
amount of useful information.
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Marking Atomic Events in Sets of Related Texts

ELENA FILATOVA & VASILEIOS HATZIVASSILOGLOU
Columbia University

Abstract
The notion of aneventhas been widely used in the computational linguis-
tics literature as well as in information retrieval and was NLP applica-
tions, although with significant variance in what exactlyesent is. We
describe an empirical study aimed at developing an opeatidefinition
of an event at theatomic(sentence or predicate) level, and use our obser-
vations to create a system for detecting and prioritizirggatomic events
described in a collection of documents. We report resutisftesting our
system on several sets of related texts, including humassisents of the
system'’s output and a comparison with information extoactechniques.

1 Introduction

Events have received a lot of attention in the theoreticajuistics literature
(e.g., Chung & Timberlake 1985, Bach 1986, Pustejovsky 2000 the same
time, several natural language applications deal withrin&dion about events
extracted from a text or collection of texts, for exampldpimation retrieval
systems participating in the Topic Detection and Trackimtidgtive (Yang et al.
1999; Allan 2002), and information extraction systemsipgrating in the Mes-
sage Understanding Conferences (Marsh & Perzanowski 1981 however
intuitive the notion of ‘event’ might seem, exact definitsoof what an event is
are usually not supplied, and the implicit definitions seemdnflict. Not only
is the exact meaning of an event in dispute, but also the exfean event’s
realization in text.

Linguists have been looking at semantic constraints ineseets to distin-
guish between events, extended events, and states; seeafople (Chung &
Timberlake 1985, Bach 1986, Pustejovsky 2000). Often irhgesearch the
event analysis is based on properties of the verb, and veglidasssified accord-
ing to their relationships with event classes (Levin 1993).

From a computational perspective, there have been attempitsssify verbs
into those denoting events and those denoting processege( McKeown
2000) and to investigate what text structure can be coresidir be a minimal
unit for event description (McCoy & Strube 1999, Filatova &W¥y 2001). The
work most commonly referred to as event detection is thafirating from the
Topic Detection and TrackingrpT) research effort sponsored IDARPA. An
important contribution of that research program is the ge@ton of the distinc-
tion between an event and a topic.
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Systems participating in the Scenario Template task of theddge Understand-
ing Conference (Marsh & Perzanowski 1997) competitionsinfemation ex-
tracted and inferred from a text to fill in the appropriatedgin predefined
templates corresponding to the domain of the text. Howelhiemuc systems
suffer from two drawbacks: First, the fixed templates preeldetecting multi-
ple events of different types, or of types not anticipatedrdusystem design.
Second, they are heavily dependent on the domain, whichiresoa lot of time
to create accurate templates defining possible eventsdbp#rticular domain,
and even more effort in adapting the system to the sublargaiad knowledge
model of that domain.

In this paper, we draw on a synthesis of the above three camgpap-
proaches to events (linguistics, information retrievat] anformation extraction)
to obtain a method for constructing a representation ofategnic eventg mul-
tiple related documents. We aim at small text pieces andipheillow-level
events rather than the most generic events targete, lyut we incorporate in-
formation about the similarity of texts to find topic-specifélationships. We do
not rely on predefined templates and slotsigdoes, but we discover relation-
ships in a domain-independent fashion and label them wiphoggpiate verbs and
nouns. Our approach is informed by linguistic theory, bmaas operational
for arbitrary texts.

2 A study of event annotation

As it has been noted in the introduction there is huge diyensiboth the struc-
ture and length of events. Thus, before going any furtheraseidbe a two-stage
evaluation experiment the major goal of which is to obtairefition of events
that can be used in a system for the automatic detection aratégn of events
from a document.

We conducted our first study of text annotation for eventrimiation by ask-
ing a number of computer science graduate students (mestgmputational
linguistics) to mark text passages that describe impogasits in news stories.
The annotators were given 13 news articles randomly seldoten the DUC-
2001 (Document Understanding Conference) corpus. The taxied in length
from 15 to 60 sentences. Five of the thirteen texts were eacbtated by two
participants in the study.

We deliberately provided no definition oventfor this study, to see if the
respondents would naturally converge to an operationatitiefi (as evidenced
by high agreement on what they marked). Our study had twbdurims: to
determine what text range in the absence of instructionderength of what
they should mark, people tend to favor as the appropriatepiEts describing
an event; and to gather evidence of features that frequeatlyr in the marked
passages and could be automatically extracted by a systeutesing the human
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annotators.

We noticed substantial disagreement between annotatonghahtext pas-
sages should be marked as events. Since our annotatiauctists left unspec-
ified the length of event descriptions, a basic text unit twatld be marked or
unmarked is not defined either and therefore it is hard to tifaéimely measure
annotators’ agreement.

While the annotators disagreed on what text pieces to sedemtent descrip-
tions, they exhibited more agreement on how long these pigiceuld be. Out
of 190 text regions marked as events, 46 (24%) consistedetiause within a
longer sentence, 22 (11%) of one sentence minus one shpdgitienal phrase,
95 (50%) of exactly one sentence, and 27 (14%) of multiplécsees

We analyzed the passages marked as event descriptionaddokitext fea-
tures that could be included in an automated event detestisiem. Naturally,
the verb itself often provides important information (@&se, aspect, and lexical
properties) about the event status of a clause or sentenaddition, the follow-
ing features are correlated with the presence of eversoper nounsoccur
more often within event regions, possibly because they @@ethe participants
in events. In contrastpronounsare less likely to occur in event regions than in
non-events. As expected, the presencdiofe phrasesncreases the likelihood
of a text region being marked as an event.

We thus came up with a procedural definition of atomic evertihvwe
used for detecting, extracting and labeling of atomic evémbur 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 aordhgn for de-
tecting, extracting, and labeling events that is based erfightures that seemed
more strongly correlated with event regions. Event reganescontained within
a sentence. Thus, we anchor events on their major condtjtaets (Named En-
tities for people and organizations, locations, and tinfiermation} and expect
at least two such major elements in a sentence to considactrg an event.
The procedure for extracting atomic events is the following

e We analyze a collection of documents clustered on a spegfiic.t
e We take the sentence as the scope of an event. Our algoritihoneig
sentences that contain one named entity or none.

I 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 efatijger; we use BBN's Identi-
Finder (Bikel et al. 1999).
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e We extract all the possible pairs of named entities (préserhe order).
Such pairs of named entities are caltethtions

e For each relation we extract all the words that occur in-betwthe ele-
ments of the relation. These are extracted together withpihet of speech
tags which we get with the help of Collins’ (1996) parser.

e Out of all the words that occur in-between elements of refetiwe are
now interested only in those which are either non-auxiligsbs or nouns
which are hyponyms oeventor activityin WordNet (Miller et al. 1999).
We call these wordsonnectors

e For each relation we calculate how many times it occurssjreetive of
the connectors.

e For each connector we calculate how many times this connisaiged in
a particular relation.

Our hypothesis is that if named entities are often menticiogegther, these
named entities are strongly related to each other withintdpé& from which
the relation was extracted. Although our method can be egpdi a single text
(which by itself assures some topical coherence), we hawedfit beneficial to
extract events from sets of related articles. Such sets earrdated by clus-
tering texts according to topical similarity, or as the autpf an information
retrieval search on a given topic. Following the above pdace we create a list
of relations together with their connectors for a set of doents.

Out of all the relations we leave only the tepevents that have the highest
frequency out of all the relations and we also eliminateghretations that are not
supported by high frequency connectors (both of these pteamare adjustable
and are determined empirically).

We then examine the graph of connections induced by thevéogvpairs.
For each two edges in that graph with a common endpoint (elg3) and (4,
(), we examine if their list of connectors is substantiallyitar. We consider
two such lists substantially similar if one contains at te&s9 of the elements
in the other. When that condition applies, we merge the twalickate events
into one link betweem and a new elementB, C} (i.e., we conside3 andC
identical for the purpose of their relationship4, 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 thecToeiection
and Tracking Phase 2 research effort (Fiscus et al. 1999.tdpics consist of
articles or transcripts from newswire, television, andgadVe used 70 of the
100 topics, those containing more than 5 but less than 5@6.t&ince human
annotators created these topical clusters in a NIST-spedsifort, 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 useléztsappropriate
documents by issuing and modifyimg queries. Here is the official explication
of one topic (“China Airlines crash”):

The flight was from Bali to Taipei. It crashed several yardersiof the
runway and all 196 on board were believed dead. China Aidihad an
already sketchy safety record. This crash also killed maegpte who
lived in the residential neighborhood where the plane hit ginound. Sto-
ries on topic include any investigation into the accidemtyies about the
victims/their families/the survivors. Also on topic arergts about the
ramifications for the airline.

Table 1 shows the top 6 pairs of named entities extractedthertopic at the first
stage of our algorithm (before considering connectorsg fitrmalized relation
frequency is calculated by dividing the score of the currefation (how many
times we see the relation within a sentence in the topic) eytrerall frequency
of all relations within this topic.

It is clear from the table that the top relations mention tivéina@ com-
pany whose plane crashe@Hina Airlineg, where the crash happenéelaiwvan
Taipe), where the plane was flying fronB&li), and when the crash happened
(Monday). Interestingly, we obtain a clique for the three eleme®itsna Air-
lines Taiwanand Taipei Let us analyze the connectors for the three pairs
among these three elements (Table 2). The normalized ctmrfesquency is
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calculated by dividing the frequency of the current conoe@iow many times
we see this connector for the current relation) by the ol/émredjuency of all

connectors for the current relation. According to this¢sble relationTaiwan —

Taipeidoes not have any connectors linking these two named entFier us it

means that the named entities in the relatitaiwan — Taipeare linked to each
other not through an event but through some other type o€ stdation (indeed,
Taipei is the capital of Taiwan).

Finally, we factor in topic specificityfor the extracted at® We calculate
the ratio of the relation frequency for a specific topic over telation frequency
of that same pair for all the topics under analysis. Thisratiequal tol.O for
the relationChina Airlines — MondayBali — Taipeiand it is equal t®.0850for
CNN — New YorkThe specificity feature is helpful in deciding what relasare
important for a given topic and what are not.

We close this section with a comment on the anchor points ngedr algo-
rithm. Such anchor points (by default named entities) apessary in order to
limit the amount of relations considered. We chose nameitiesbn the basis
of our analysis of events marked by people (Section 2). Hewdhe system
is adaptable and the user can specify additional words @spBrthat should be
used as anchor points. In this example, if the warassengerss submitted to
the system, then the third most important event extractddefer to the deaths
of the passengers. The problem of how to find the best camdidains to add
to the list of nouns which anchor events (by default this dishsists only of
named entities) is very similar to the problem of creatinggatrquery within
Information Retrieval tasks.

5 Comparison with Information Extraction

We compare our system’s output to ideal output for one of tbstiwell-known
information extraction competitions, the Message Unaading Conferences
(Marsh & Perzanowski 1997) organized by NIST between 1992 1898. In
MUC’s Scenario Template task events are extracted for severapecified do-
mains. For each domain a list of templates is created in agvand event ex-
traction is equated to filling these templates, a typicakaagh in information
extraction. Events are extracted from one text at a time ané rollection of
texts.3. Each text can contain one, several, or no events.

MUC systems produce output in the form of predefined well-stmect tem-
plates. Classicak systems have developed a repository of powerful tools in-
tended for extracting information within specific domaif@sir system based on
the presented definition of atomic events is domain-indéget) though it does

3 There are IE systems which try to fill predefined templatesfeeveral texts but during the
MUC competition systems analyzed and extracted eventsi@text at a time.
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not assign slots to the constituent parts of the extractedteyour system goes
beyond the limits of predefined templates and extracts asipée relations it
can find. For exampleyuc systems are not supposed to extract any events for
the followingmuc-7 text:

Paris (France), 5 April 90 (AFR) — Colombian leader VirgiBarco briefed
French president Francgois Mitterand here Wednesday oreffets made
by Bogota to fight the country’s powerful cocaine traffickekr. Barco
told reporters after the meeting at the EdgsPalace that the French leader,
who visited Bogota in October 1989, had said once again thatés “very
interested” in the drug problem.

This text is from the terrorism domain collection. And thougally no terror-
ist attacks are described in this text it does not mean tleaethre no events
described. These events include the meeting between disakfjtterand and
Virgilio Barco, Mitterand’s earlier visit to Bogota, and B&’'s speaking to re-
porters. Thus, following the described procedural definitour system extracts
information about this meeting by pointing out that the ndreetities in the rela-
tionsFrancois Mitterand — Virgilio BarcoFrancois Mitterand — Wednesdayd
Virgilio Barco — Wednesdagire all linked to each other through the connector
briefed/VB

In fairness to thevuc systems we note that they perform additional tasks
such as the semantic classification of the information ¢egi which slot to
select for a given piece of extracted text). Our approacts ot assign labels
such asperpetratoror targetto named entities. It provides for a more superficial
“understanding” of the elements of the event and the roleg filay 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 tHEDTE2 topics
containing more than 5 and less than 500 texts. For each eé ttopics we
randomly chose 10 texts, ran our system on these 10 textsamdyproduced a
ranked list of events with verb and noun labels, as desciabede. Each set of
ten texts, and the top ten events extracted by our systemifromere given to
one evaluator. The evaluators were asked to first read tks¢ saxd then provide
a numerical score for the system in the following areas:
e Whether the named entities in the events extracted by otersyare really
related to each other in the texts. A separate score betweed @ was
given for each extracted event.

4 Which was the reason we limited the number of texts per tapioOt
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e Whether the extracted relations between named entitigg]id, are also
important. Again a 0 to 1 score was assigned to each extravted.
e Whether the label(s) provided for a (valid) event adeqyalekcribe the
relationship between the named entities.
For these three questions, the evaluators gave a sepavatd@ceach extracted
event. They were free to use a scale of their own choosingdestvd (utter
failure) and 1 (complete success).

6.2 Results

Table 3 shows the scores obtained during the evaluation.epértrthe average
rating our system obtained on each of the three questionsssaboth the ten
extracted events in each set and the nine evaluators/topiesalso report the
percentage of extracted events that received a hon-zere 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 validiogiships between
named entities, where we obtain about 75% precision byrditieeaverage score
or the number of scores above 0.5. Next comes the task oftisgjémportant
links, with precision of 63—-68%. The hardest task is to provide meaningful
labels for the events; we succeed in this task slightly inartban half of the
valid extracted events, or approximately 40% of the totalasted events. Our
system is getting lower scores for topics where the even#fonconstituent
parts are not represented by a named entity (i.e., an eakbdapic) or for very
disperse topics, (i.e., the topic about the Israeli-Pialiest peace negotiations.)
Regardless, our system overall extracted at least somawgkéil information,
as manifested by the fact that over 90% of the reported eveotsved non-zero
scores.

7 Conclusions

We have reported on an empirical study of event annotatidraarew approach
for automatic event detection in text. We have implementeabast, statistical

5 Importance and label quality are measured only on extraetietions of reasonable quality
(with link quality score above 0.5, 74.44% of the total exteal events).
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system that detects, extracts, and labels atomic everite aehtence level with-
out using any prior world or lexical knowledge. Our systerasiext collections
vs. individual texts (cfirR approach). It extracts relations between named entities
and links that relate these named entities iEefapproach), though, in contrast
to the classicale task our relations and links are domain-independent and not
defined beforehand but built on the fly. To assign labels textacted relations
our system uses both verbs and nouns (cf. computationalisitigs). The sys-
tem is immediately portable to new domains, and utilizesrimfation present in
similar documents to automatically prioritize events ta specific (and there-
fore likely more interesting) to a given set of documents.r &amination of
results and a first small-scale evaluation indicate thaapiggroach is promising
as a means for obtaining a shallow interpretation of everiigg@ants and their
relationships.

The extracted event information can be used for indexirgyalization and
guestion-answering.
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Abstract
This paper reports a research effort in the scenario retiogrtask in In-
formation Extraction I). The presented approach uses partial semantic
analysis based on logical form representation of the tet@pkand the pro-
cessed text. It is implemented in the systereT! (Football Reports Ex-
traction Templates), which processes specific temporaibctured texts.
A logical inference mechanism is used for filling templatenie where
only scenario-relevant relations between events arediik¢he inference
chains. Some aspects of negation and modalities that atthe itexts are
also taken into account.

1 Introduction

The most important and difficult sub-taskiis scenario recognition. There are
many systems that address this problem applying differgintisns. Roughly,
these solutions can be characterised as shallow or deepdiegeon the pro-
cessing depth at each of the stages. During the syntactigsésthe processing
varies from phrasal chunking to parsing and produces regathforms (any-
thing from partially filled templates to full logical forms)

The discourse or multi-sentence level processing thabvi@lthe syntactic
analysis can be also more or less deep. It depends on the obagelara-
tively represented world and domain knowledge to help xésglambiguities
of attachments, word sense, quantifiers scope, and caneéreor to support
inference-driven templates filling (Gaizauskas & Wilks 8290ne of the last
presented systems using domain specific knowledge as semahtis LasIE
(Gaizauskas et al. 1995, Humphreys et al. 1998). It attefmgpgenentary par-
sing only and falls somewhere in between the deep and thivshebproaches.

Most systems from latestuc (Message Understanding Conferences) avoid
usage of deep processing as it is hard to accomplish mang oétfuired natural
language understanding tasks. The great effort needecduiioliiy up the do-
main knowledge is another reason for using shallow proogsssome authors
(Grishman 1997) believe that only grammatical relatiotessant to the template

! This work is partially supported by the European Commissiarcontract ICA1-2000-70016
“BIS—21 Centre of Excellence”.
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should be considered. A good example for shallow approageimentation
is FASTUS (Appelt et al. 1993, 1995). It provides phrase parser andgmrises
domain patterns for building raw templates that are nosedliby the postpro-
cessor. The authors reported on difficulties in defining adigible patterns for a
given event thoughAsTUS showed second best resultsmac-5.

Our system focuses on template filling— an important antiogtén question
in our view. Many systems (Yangarber et al. 2000) for (semi-)
automatic generation of templates based on machine |lepapjproach exist. So
we assume that templates are given beforehandaadtries only to recognise
scenario and to fill the corresponding templates correctly.

In this paper we present semantically driven approachfenado pattern
matchingin thele systemrRET (Yankova & Boytcheva 2003). Our approach
is to provide deep understanding only in “certain sceneglevant points” by
elaborating the inference mechanisms. So we decided tdetayeen deep and
shallow approaches for text processing.

The paper is organised as follows: Section 2 presents amievweof FRET ar-
chitecture. Section 3 discuses our improvements in trdosleo logical forms(Fs),
especially the coreference resolution and the recognitioregation and modal-
ities, which appear in the chosen domain. Section 4 desctie inference
mechanism irFRET. 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 Basg &nd the system
architecture are influenced on the football domain spetifiédn the one hand
the football records paragraph structure (with tickersefach minute) provides
rich temporal information that simplifies the choice of tpatts to be processed
in search of the scenario. On the other hand scenario ratmyim a frequently
changeable domain is a hard task. Both the domain termig@nd statements
in football reports are fast changing. There is no certaimtlge truth of the stated
facts as they could be negated later. Also the specific udagerds, which are
treated as terms in the domain, is embarrassing even formbeiags.

The system consists of the three main modules: text prepsocelogical
form translator and templates filler. The text preprocepsdiorms lexical analy-
sis, Name EntityNE) recognition and part-of-speech tagging of football répor
GATE system (Cunningaham et al. 2002) is integratedrReT and its modules
perform these tasks.

The coreference resolution task is performed by the lodarah translator.
Its algorithm takes into account the domain charactesstidowever, it solves
neither the usage of metaphors and nicknames of footbale@anor the va-
riety of foreign players names with their transcriptionfie$e problems reflect
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on the performance of thee recognition and respectively on the coreference
resolution.

FRET's KB contains two main parts: static and dynamic resource bariies.
static resource bank includes lexicon, grammar rulessrfde translation in
LFs, templates description and description of the domain eweith their rela-
tions. All uninstantiated eventss and relations between them are presented as
graph nodes and arcs respectively. Some information coimgethe team/coach
names, players’ list, playing roles, penalties, etc. isootstant so it could not be
added to the static part of ths. It is included into the dynamic resource bank
and is automatically collected for each football reportigigithe text processing.
Both the logical form translator and the templates filler thexB.

3 Logical form translation

Usually inNL texts, fragments of partial information about an event aread
over several sentences. These descriptions need to bercahitefore the sce-
nario recognition. That is wh¥RET associates the time of the event to each
producedLF. EveryLF is decomposed into its disjuncts and each of them is
marked with the associated time.

A specially developed partial syntactic parser implemeimeSicstus Prolog
is used inFRET for logical form translation. All words inF are represented
as predicates, where the predicate symbol is the corregpphdse form of the
word and has one argument. Specially denoted predicategwitmbol #” and
an arity 3 are used for representation of the thematic reles Example 1). The
arguments describe the thematic role and its relations thighcorresponding
predicates. In the case of proper name, the argument isitsiiegdtoy the string
of the name.

Example 1:
Sentence:
17 mins: Beckham fires the ball into Veron.
Logical form:
time(17) & fire(A) & A(A, agnt, ‘Beckham’) & ball(D)

& 4(A, obj, D) & A(A, into, ‘Veron’)

Some aspects of coreference resolution (Dimitrov 2002 plse solved at this
stage. Only pronominal and proper names coreference axtamp for the dis-
cussed system. The pronominal one is the most common typmefiecence in
the chosen domain. Pronominal coreference resolutiorsisated according to
the domain only in detection of the proper antecedent fofahewing mascu-
line pronouns:ij personalhe, himand (i) possessivehis. These anaphora are
solved by binding the pronoun to the nearest left positicenagn the extended
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paragraph, which includes the last sentence from the previginute, all sen-
tences from the current minute and the first sentence fromekeminute. The
relative pronourwhois solved by binding the pronoun to the nearest left posi-
tion noun in the current sentence. The proper names conefeis based on the
players’ lists from the dynamic resource bank.

Another problem that has to be solved during the parsingga®is the iden-
tification of negations. As described in (Boytcheva et ab20and taking into
account the specific domain texts, we distinguish expliwit anplicit negations.
As total 52% of sentences in our corpus contain negation¥ éxplicit nega-
tions and 38% implicit ones.

We consider two types of explicit usage of negation:

e Short sentence containing only “No”. In this case we markithef pre-

vious sentence with marker for negation “NEG”;

e Complete sentence, containing “Not/Non/No”. In this case $cope of

the negation is the succeeding part of the current sentamtéhais we
mark only itsLF with marker for negation “NEG”.

Inimplicit usage of negation (words as “but”, “however”|tlough”. . .) (Mastop
2001), both_Fs of words preceding and succeeding the negation in the samten
(in some cases previous or next sentence) are marked witkersdfior nega-
tion: ‘BAHpos’ and ‘BAHneg’ (see Example 2, BAH is an abbration for But,
Although, However and “7” is an internal identification févetmarker ).
Example 2:

Sentence:

79 mins: Henry fires at goal, but misses from a tight angle.
Logical forms:

time(79) & fire(A) & 0(A,agnt,'Henry’) & 0(A,at,B)
& goal(B) & marker(‘BAHpos’,7).
time(79) & miss(A) & A(A,agnt,'Henry’) & A(A,form,B)

& angle(B) & 6(B,char,C)& tight(C) & marker('‘BAHneg',7).

Another problem that has to be solved is to recognise seesewith modals
(“cart, “should, “may, “have tg, ...) that appear in about 10% of the test
corpus. In this case we mark thei#sand theLF of the next sentence with marker
“MOD?”, because we expect acceptance or rejection of theeatimodality 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 firstomy recognise
modalities and possible negations and postpone theipirgtion.

4 Inference mechanism

In FRET all templates are described as tables withoBligatoryand {i) optional
fields that have to be filled in. Both types of fields, taken ashale; contain the
key information presented in the text (Wilks 1997). We stht# the scenario is
recognised if at least the obligatory fields are filled in, ielihe optional fields
can be left empty.

In FRET we distinguish three types of events related to each scettzat
are structured into a directed graph (see Fig. 1) — prelimpistored in the static
resource bank :

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)

A

| entails

Sub Event: Player’s shot hits the net.

LF : time(Minute) & Action1(Al) & theta(Al,agnt,B) &
shot(B) & theta(B,poss,Player) & theta(Al,0bj,G) & Net(G)

enabVNpan of

Base Event: Player shots the ball. Base Event: The ball is into the net.
LF: ime(Minute) & Action2(A2) LF: time(Minute) & ball(D) &
& theta(A2,agnt,Player) & theta(D,into,G) & Net(G)

theta(A2,0bj,D) & ball(D)

Figure 1:A part of the graph, stored in the static resource bank

e Mmain eventthe template description as of obligatory and optional fields
and relations between them;
e base events:Fs of the most important self-dependent domain events;

e sub-eventskinds of base events immediately connected to the main one

(there is an arc between the nodes of the main and the sulbsgven

The matching algorithm ofRET is based on the relations between events. Each

of these relations is represented as an arc with associaigghtin the graph.
We use four types of relations, defined as follows:

e Event E invalidates event E, i.e., event kE happens after £and annuls
it.
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e Event E entailsevent E, i.e., when E happens Ealways happens at the
same time.

e Event E enablesevent E, i.e., event E happens before the beginning of
event & and event Eis a precondition for &£

e EventE is a part of event E.

The template filling module cfRET performs two main stepsi)(matchingLFs
and {i) template filling . The step of matchingrs is based on the modification
of the unification algorithm. We are interested in thass which are produced
from the so-called extended paragraph. Thus we processpeaafjraph sepa-
rately.

Initially the module tries to match eacl¥ from the extended paragraph to
the main event. We call this step direct matching. The dimetiching algorithm
succeeds when at least one is matched to the main event. When there are
no markers for negation or modalities in the matchedthe system proceed
with the template filling algorithm. Otherwise, the availdp of such markers
is an indication that there is no certainty in the truth of stketement matched to
the main event. So, some additional steps are necessargrfectly processing
the marked. Fs and therefore recognising an event. These steps depene on th
attached types of markers.

e NEG - the result from the matching algorithm is ignored, sodhent is
not recognised. In this case we consider that it is bettetonotcognise
some event than to recognise it wrongly.

e BAHpos, BAHneg — we treatFs with these markers according to the
semantic interpretation of contrastive particles (WirGeRimon 1994).
There are two major interpretation types: as negation armjsinction
of independent statements. We are interested only in thieastrinterpre-
tation, that is why we have to check whether we really havatiegin the
markedLFs. The latter are processed as follows: all events relatea-by i
validate relation to the matched event are collected in&tetlseLF from
the extended paragraph, which is marked with the other BAlrkends
juxtaposed to a member of the collected set; if this sucgabdgprevious
matching is ignored.

e MOD - the event is correctly recognised only when the nextrom the
extended paragraph contains explicit confirmation (Sasiq®75) (e.g.,
Yes; GOAL!!!; Bravo etc.) or the same scenario is recognisedther
sentence from the current paragraph.

The direct matching algorithm succeeds when all variablesain event'sLFs
related to obligatory fields are bound. Synonyms lists froekB are used for
the unification of variable predicate names.ifs.

If the direct matching algorithm failsRET starts the inference matching al-
gorithm (cf. Figure 2). which is described below in a moraraf way.
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EP: LFsincluded in current extended paragraph
M:  main event

G: corresponding graph iks

C: predefined coefficient

S = {E;}, whereE; is a sub-event of M

fori=1.n:
B = {B,} whereB; is a base event fror& and
Jare(By, E;,rj) € G

Apply the direct matching algorithm to all possible couplég, B,)
whereL, € EP andB, € B. Collect successfully matched couples
in setB’.

CalculateR = >°,_, |, r; Wherearc(B;, Ej,r;) € G andB; € B’
if R > C then"Unify” & SUCCESS break

if = SuccEssthen FAIL
Figure 2:Inference-matching algorithm

When the inference-matching algorithm succeeds, all ptespredicates from
the selected sub-event;jEare unified by corresponding variables from the pre-
dicates in the set of successfully matched base evéti}s Thus the sub-event
LF is successfully matched. A similar unification is appliedhte set of matched
sub- and base-event& (U B’) 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 théerence matching
algorithm succeeds. Initially the template obligatorydgehbre filled by the re-
quired information. At this stage some additional inforimatfrom the dynamic
resource bank is used too. The completion of all obligatagsi is sufficient
for correct scenario recognition. However, the optionddifiefor which enough
information exist, are also filled in.

Example 4:

53 mins: Beckham shoots the ball across the penalty areadn Al
Shearer who heads into the back of the net at the far post.

Figure 3 shows the result obtained bReT after processing a football match,
which contains sentences shown in Example 4 . The GOAL siceisarecog-
nised in the paragraph marked wit3 mins”. The direct matching failed but
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Lioix
|SENTENCE: -

[[time(53)stheta(_4259,accross, 4283)stheta(_4259,0by,_4276)¢
theta(_4259,agmt, 'Beckhan’') sshoots (_4259)¢ball|_4276) spenalty(_4283) &
time(53) etheta|_424l,at,_d4243)etheta(_424l,into,_ 4276)&
theta(_424]1,amt, 'ilan Shearer')sheads(_4241)snet( 4276) afar(_4212)s
theta|_4243,char, 421Z2)epost(_4243)]]

EVENT TYPE: GOAL -> subewvent

e TEMPLATE:

Obligatory fields: Player : Alan Shearer
Time 1 53
Team : England
Score : 4

Optional fields: Azsisvance : Dawvid Beckham
Position : far postc
Action :  heads

Player's penalties: none

Load Freprocessor Translator | Extractor I Clear |

Loading file : D:\FREThdemotexts)footballl3.txt
Preprocessed file: D:\FRET)demotexts)tempfile. txt
Proprocessor out: DiVFREThdemotextsitempfile t.pl
Loading Parser sourcefile D:\FRET\logical form@.pl
Loading preprocesed file D:'\FRET\demotexts\tempfile t.pl

Figure 3:The result obtained after filling in a template from Example 3

the inference matching algorithm succeeded in matchingobiiee sub-events
(i.e.,“Player heads into the nef. Thus the obligatory fields are filled with the
corresponding information form the text (i.@layer name = “Alan Shearery
and from the dynamic resource bank (iteam = “England”). Please note that
in this case there is enough information for completing ptlanal fields but this
is an optimistic sample case.

5 Evaluation

FRET is tested only on the scenario “goal” for the texts of 50 répowhich
totally contain 148 instances of the event “goal”.

The f-measure of the text preprocessor module i86% and depends on
GATE performance. The algorithm developed for coreferenceluden has f-
measure< 89% (the percentage is high because we are interested opr-in
ticular cases of pronominal and proper noun coreferended.f“measure of the
parser is< 91%.

The domain specific treatment of negation and modalitiesong the f-
measure of theRET system. So the scenario templates are filled in with pre-
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cision: 86%, recall: 61 % and f-measure: 71.37 %. The direattching 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 fer So in this paper we
make an attempt to find an easy and effective way for scenacimgnition that
may facilitate semantic processing of large text collewio

With the usage of inference we can find either similar waysxgpiressing
different scenarios or partial information about the sawvenespread over se-
veral sentences. Thus we believe that the inference is egraitpart of finding
facts in texts. In order to make effective inference it isessary to represent
sentences intoFs and to have suitable representation of the domain knowledge
We have to emphasize on the major role of the specially &dlstructure of the
events and relations between them as a graph. The choiceplesielations
between events makes the inference mechanism in the graptuse easier.
However, not all the information provided in the text is neédor simple tem-
plate filling. So our approach uses shallow parsing andglagmantic analysis.

The innovative aspects #FRET at this stage of development are:

e attempts for domain-specific treatment of implicit negagod modalities,
as well as

e elaborated inference mechanism that provides relativegpdL under-
standing but only in “certain points”. Please note that thference is
simple and effective due to the consideration of only sdematevant re-
lations between events.

Our plans for future development of the system include ntakinleep investi-
gation of the domain and completing the events graph. THisweke our eva-
luation more precise and probably will improve the resudfsarted above. We
also plan to test the system behaviour on other domains veifieaific 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 thei®gomain

(NERO) is described. It is concerned with recognition of varioysets of

entity, types that will be appropriate for Information Eadtion in any sce-
nario context. The recognition task is performed by idgid normally

capitalised phrases in a document and then submittingepityia search
engine to find potential hypernyms of the capitalised secgenThese hy-
pernyms are then clustered to derive a typology of namedenfor the

document. The hypernyms of the normally capitalised plsrase used to
classify them with respect to this typology. The method $sad on a small
corpus and its classifications are evaluated. Finally, losians are drawn
and future work considered.

1 Introduction

Information Extraction|) is defined as the automatic identification of selected
types of entities, relations, or events in free text (Griaghnr2003). Significant
multi-site evaluations ofe have been carried out in the Message Understanding
Competitions (e.g.Muc-7 (Chinchor 1998)). In the context of, the events

of interest described in documents are encoded using téesplAniE system
attempts to assign the participants of an event to functiglogsin the template.
The templates used in theuc-7 IE task have slots fOPERSON 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 onee scenario but many more types of entity should be
recognised for effectivee in different domains. To illustrate, in the domains
of medicine or e-retail, systems will need to identify phaomutical names or
product names. The set of required name types varies fromtoasase. The
NER approaches developed fauc-7 are able to recognise a small set of named
entity (NE) types with considerable accuracy. However, in most cadlseslassi-
fication models used rely on specific domain knowledge. Tlaeyot easily be
extended to recognise the pertinent entities occurringoituthents from other
domains.

In the current state of the ang systems must be re-implemented for new
scenarios. In this paper, the goal is to automatically ifletite entities that are
likely to be of interest in any scenario context, with no kiedgea priori. A
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system calledlERC! is described that embodies a frameworkn@r in the open
domain.

The paper is structured as follows. Section 2 describes #tbads by which
NERO addresses its goals. In Section 3, the small corpus usedtttheesystem
is described and in Section 4 the resulting evaluation isnted. In Section 5,
related work is reviewed and in Section 6 conclusions are/li@nd directions
for future research considered.

2 The method for named entity recognition in the open domain

The process of open-domaiER is tackled in three stages. Firstly, a document-
specific typology fomNEs is derived automatically (Section 2.1). Secondligs
are identified (Section 2.2). ThirdIwes are classified in line with the derived
typology (Section 2.3).

2.1 Typology derivation

The typology is obtained by collecting the hypernyms of talsed phrases,
clustering the hypernyms, and labelling those clusterg mkthod for identifi-
cation of hyponyms described in Hearst (1992) was appliexdder to identify
potential hypernyms of sequences of capitalised wordsapein the docu-
ment. Here, sequences include single words. In the firseseatof the abstract
of this paper, the sequences of capitalised wordg BreNamed Entity Recog-
nition, Open andNERO}. Numerous patterns were used to produce queries that
were submitted to the goodleearch engine. The summaries returneddygle
were then used to derive the hypernyms. Following Hears9Z),9vhen X is
a capitalised sequence, the quench as X , was submitted tgoogle The
FDG parser (Tapanainen & Jarvinen 1997) was used to find theopagieech
and lemma of words in the returned summaries. The lemma ofithreediately
preceding noun was chosen as the hypernym of X. Three otlterms(Figure
1) were included in an effort to improve coverage. In thegtepas, Y is a noun
phrase whose head is a potential hypernym of X. When runmirp, queries
were submitted for each capitalised sequence and all ofifitstsngs. The first
1000 results frongooglewere processed in each case.

In the documents used as the test corpus for this work, thedatierns
shown in Figure 1 appear very rarely. In fact, for these damisionly 1.19%
of NEs appear in those patterns. This contrasts with 96.46% wigsimternet is
taken as the source of potential hypernyms. This observaigiifies exploita-
tion of the Internet for this task.

! 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 seqasraf capitalised
words in the input text, the system clusters the global sdtypernyms in an
attempt to find the general types 0E that appear in that document.eblwill
be classified on the basis of the resultant typology. A haottom-up, hierar-
chical clustering algorithm was used (Manning & Schitz8@2500-503). It is
presented in Figure 2.

e Given:
— asetd := {x1,.... xn} Of hypernyms
— agroup-average similarity functiorim, based on taxonomic similarity.

-T=1
e fori:=1tondo
h; = {x;}end
C:={h,..h,}
j=n+1

e whileY > 7
(1) Y :=maz, p,)ecxosim(h, by)
(@) (hnys hny) 2= argmazp, p,)ecxcsim(hu, hy)
3) hj = hp, Uy,
(4) C:=C\{hn,. hy, } U {h;}
(6)j=j+1

Figure 2:The algorithm used to cluster hypernyms

This type of unsupervised learning is suitable for the atrtask in which no in-
formation on the desired set of derived types is availalpeiori. The similarity
function used in the clustering algorithm is a group averagéhod that assesses
taxonomic similarity between hypernyms with respect to &Wet (Fellbaum
1998). Taxonomic similarity was computed usibgarning AccuracyHahn &
Schnattinger 1998). The clustering process is halted wheesimilarity between
the two most similar clusters drops below some thresholdpioal observation
indicated that a threshold of 0.5 was suitable. The stoppaomglition is set to
prevent hypernyms indicative of distinct types from beingrged.
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The WordNet package (Fellbaum 1998) was used in order td thbeesultant
clusters. For all senses of all words in a cluster, increggigeneral hypernyms
were listed. These lists were compared within the clustdrtha most specific
hypernym common to all wordsvas used to label the cluster as a whole. We de-
fined a measurdyeight for each label that is the mean number of nodes between
the common hypernym and the senses in the cluster. This meeigsused in the
classification of named entities (Section 2.3). The setloélmassociated with
derived clusters forms the typology that will be used as #sdxor classification

of NEs.

2.2 ldentification of named entities (capitalised word norreation)

Capitalisation is one signal that can distinguigks from other phrases in texts
but it is also used in the general layout and structuring @udeents. It is thus
necessary to disambiguate capitalisation to determinghgha given word is
normally capitalised in all contexts, or whether capitaiisn of the word is con-
text dependent. This disambiguation is referred tm@snalisation(Mikheev
2000).

NERO performs normalisation with a memory based learning meghioasL ,
described in Daelemans et al. (2001)). Each capitalised! wothe training
data is associated with a vector of feature values and aybitiassification
(NORMALLYCAPITALISED Of NOTNORMALLYCAPITALISED). Features
appearing in the vectors include:

(1) positional information,

(2) the proportion of times the word is capitalised in theuoent,

(3) the proportion of times the word is sentence initial ia tocument and in
theBNC (Burnard 1995),

(4) whether the instance appears in a gazetteer of persoasnanfollowing
Mikheev (2000), in a list of the top 100 most frequent senteimitial
words in theBNC,

(5) the part of speech of the word and the surrounding words,

(6) agreement of the word’s grammatical number with theofeihg verbto
beor to have

The training data contains 3168 instances. The method walsated using
ten-fold cross validation. It obtained an overall preaisa 98.63% and recall
of 98.51% forNORMALLYCAPITALISED instances and 100% precision and
98.31% recall foNOTNORMALLYCAPITALISED 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
hypernyms{ty, ...,1, } and¢ is a coefficient inversely proportional to theight

of T. Word w matches, or is a substring of, a capitalised secgeC that has
hypernyms{hy, ..., h,,} and each hypernym has a frequerféy. The likelihood
that w should be classified as T is given by:

Dt 2imt G-9(hi ty)-f by

The functiong(h,, t;) maps to 1 wher, is identical tot;, and maps to O other-
wise. Having computed the likelihood for all types, w is sified 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 nexpert due to the
“open” nature of theue typology. For the pilot study presented in this paper, just
nine documents were hand annotated and an assessm&r@@$ performance
was made against this human annotated data.

Doc #WORDS #NES GENRE

a0l 1944 258  Legal
j53 1980 2 Psych.
59 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.

Totr 18852 1051 _
Table 1:Characteristics of the documents used to &SRO

Of the nine texts, eight were from tle=MCOR corpus (Landes et al. 1998) and
one was a technical documentin. One point to be made about the documents
taken fromseMcoORis that these are extracts from larger texts, and are thus in-
complete. As will be noted in Section 4 this has some unfaticonsequences.

4 Evaluation

NERO is evaluated with respect to its ability to identifi\es, to derive an appro-
priate typology ofNEs for a given document, and to classifgs in line with the
typology.



272 RICHARD J. EVANS

4.1 Evaluating normalisation

The method for capitalised word normalisation (Sectior) &&s applied to the
documents used to testERO. Overall, NERO was able to identify normally
capitalised words with a precision of 97.48% and recall aB886. For words
that are not normally capitalised, the figures were 100% artil9% respectively.
The difference in performance when processing the nineltestments and that
obtained in ten-fold cross validation based on the traimata is partially ex-
plained by the fact that, as noted in Section 3, the docunfemts SEMCOR
(Landes et al. 1998) are incomplete. MaryRSON NB are referred to using
only a surname or nickname in these files. The full name mag baen intro-
duced earlier in the text, but this evidence is missing froengxtract available in
SEMCOR This affectedNERO's performance as it rendered the gazetteers used in
Feature 4 (Section 2.2) redundant in many cases. While rgstras for capi-
talised word normalisation are able to correctly classifknames and surnames
when they appear, these successful classifications aréyufaditated by the
appearance of the full names elsewhere in the document 8#ikB000).

4.2 Evaluating typology derivation

Evaluation of the typology derivation task is problematcause manual anno-
tation may require a high level of expertise within a givenmddin in order to
classify some types of entity and non-experts will tend telghesenes with
general types. Hiring experts will be an expensive undéertpwithin the con-
text of annotation in the open-domain. With respect tonleetypes found in
the test files, several match those that are usedlio-7 but there are additional
types used hereNAT _LAN coversNEs that refer to nationalities or languages.
The titles of creative works such as paintings or books ankedsCTVE_TTL.
The names of menu items or buttons in computer software arieath@P7_BUT.

An assessment was made of system performance in the denidta typol-
ogy. Precision and recall was computed for the set of clsgteat constitute
types used to label instances in the test files. We definegivecas the ratio of
the number of machine derived clusters that correlate wigll ashuman derived
type, to the total number of machine derived clusters. Résalefined as the
ratio of the number of machine derived clusters that corelgell with a human
derived type to the total number of human derived types atedtin the key
file. When calculating these figures, it was noted that in B ®f cases, the
machine derived clusters correlate only partially with launderived types. In
these cases, the machine derived cluster was counted aglargaoh if more
than half of the senses in the cluster were felt to be indieadf the human
derived type. Otherwise, it was not counted. The precisiothe clustering
method is poor, at 46.97%. Recall is mediocre, at 67.39%.pEn®rmance of
the clustering method will limit that of thee classification task.
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Inspection of the degree of correlation between machingettclusters and
human derived types revealed a number of problems. Ina@ktone cluster
was too general, incorporating hypernyms that distingtushimporant types,
ORG andLoc. The problem of word sense ambuiguity was highlighted in the
clusters derived for documek09. Here, one hypernyroharacter was merged
with a cluster of words that share its graphic, rather thandm sense. It would
be necessary to perform word sense disambiguatism) to solve this problem.

It was also clear that clustering is influenced by the hypermpllection
process. A gualitative assessment of the clusters prodogedERrRO showed
that manyNEs are classified by clusters of ambiguous hypernyms. Tdri#tes
the hypernyms automatically obtained fomE expressions such ddonday
WednesdagyMay, etc. tended to be more indicative ®ERSON NB thanTIME
ones. Disambiguation of such hypernyms, by rule-basedatistal methods,
will be necessary in order to circumvent this problem. Arottommon source
of error (poor recall) in the automatic collection of hypgms was caused by the
use of possessive forms 8Es in the test documents. An unforeseen problem
during development of the system, it is expected that thisdsan be solved by
the simple application of stemming rules during the hyperrgollection pro-
cess.

The simple formulation of hypernym collection patternsssaivaluable con-
text to be ignored to a large extent. For instance, wikésgthe lemma of a noun
that is a potential hypernym of thee v, the patterrx ...like ...y fails to draw
a distinction between useful patterns suclpasplelike Peterin the summaries
returned bygoogle and less useful ones liklohn doesn't likePeter. In other
examplesgooglées replacement of textual material in the returned sumrsarie
by ‘..." is a source of error that leads to the derivation ofisumal sets of hy-
pernyms forNEs. As an example, the nan@&od was classified by the cluster
{word, book} whenNERO is set with high values for the similarity threshold.
This issue should be resolved by filtering certain strings &ne returned by the
search engine. These filters should be encoded in termslofdatal items and
punctuation marks.

4.3 EvaluatingNE classification

Table 2 summarises the performance of the system in clasgifiie NES in a
text. The colummiorM indicates the accuracy with whicterO 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 colur#nesin Table 1 which
shows the actual number of words usedvinreferences in the document. The
remaining columns in Table 2 show the percentage of instadlessified cor-
rectly (CORR) or incorrectly (NCORR). In many cases, the queries submitted
to googleare unable to indicate any potential hypernyms for a capitdlse-
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Doc NoRM #Nesibd CORR INCORR UNCLASSD

(%) () (%) (%0)
a0l 9113 227 33.48 66.52 42.29
53  96.92 3 33.33 66.67 0
59  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 9247 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 9225 821 45.07 54.93 26.31

Table 2:Performance oNEROON named entity classification tasks

guence. When this happemgRoO uses any hypernyms that have been found for
substrings of the sequence. When no potential hypernymavaitable for any
substrings, then the instance remains unclassified. Tleemge of cases for
which this occurred in a document appears in the columaLASS D. Note that
these cases are included in the figures umdeoRrR.

5 Related work

Research activity ine andNER since the mid-90s has left a large literary foot-
print. In the first instance, readers are directed to theg@dimgs ofvuc-7
(Chinchor 1998) for a description and evaluation of commetiEr systems for
English. Similar competitions have been held with respeclapanese in the
IREX (Sekine 1999) conferences.

The continuing influence of theiuc competitions on the fields aE and
NER is significant. Papers such as Zhou & Su (2002), and the slaskdt the
ConLL Workshop atacL 2003 address the classificationngs on the basis of
the typology originally used imuc-7.

The development of an extend®é hierarchy, including more than 150
types, is described in Sekine et al. (2002). The researaharived in this work
have also developed a classification system for the extesetedNES. However,
the system is based on manually proposed rules specifichdygae of entity and
is not strictly robust in the open domain.

As mentioned in Section 2.2, the domain-independent tagkxifnormal-
ization has been addressed before, and with greater agctimac the system
reported in this paper, by Mikheev (2000). He usadaimum Entropylassi-
fication model which also incorporated information abouiraliations and the
occurrence of capitalised sequences in the document.
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6 Conclusion

This paper has presented a frameworkNeRr in the open domain, and has de-
scribed an implemented systeNERO, that embodies this framework (Section
2). Itincludes automatic components for derivation of atggy of NES (Section
2.1), for normalisation of capitalised words (Section 2a2)d for classification
of NEs in a given document (Section 2.3). The paper has desctiesd tompo-
nents and conducted a small-scale evaluation (Sectionefatd®l work has also
been reviewed (Section 5).

The unsupervised nature of the approach, its independemceannotated
training data, and the fact that it has addressed the opemidare all strengths
of the system. The fact that, to a certain extef#RO is able to derive appro-
priate typologies olNEs for a variety of documents is also a favourable aspect of
its performance. Unfortunately, these strengths are bakmced by numerous
weaknesses. Firstly, the patterns used to collect suitajpernyms for capi-
talised sequences are vulnerable to data sparseness. yncasss, no suitable
hypernyms were identified hyero. This problem can be addressed by formu-
lating additional patterns, and by using alternativéechnology that recognises
punctuation symbols in queries. However, despite the rgpievth of the In-
ternet, this problem of data sparseness is unlikely to mimdited. Alternative
approaches will be required in order to obtain the semantie tf entities for
which the current hypernym collection method fails.

As noted in Section 4, word sense ambiguity is a major probitethe hy-
pernym collection and clustering processes t&o performs. In future work,
it will be interesting to assess the feasibility of using atimoe for wsp in the
hypernym collection and clustering phases. Soft clusgeaigorithms, in which
elements may belong to more than one cluster, are anothemtgtsolution to
the problem of word sense ambiguity.

It will be useful to experiment with different classificationethods for the
identifiedNES. The weighting on different types can be adjusted not oritly w
respect to théeightof the label, but also with respect to the size of the cluster,
or information fromwsbp.

The evaluation reported in this paper has been insufficlarfuture work it
may be useful to appIlMERO to themuc-7 data in order to assess the effective-
ness of the typologies derived from those documents. Amratee approach
will be to incorporateNerRO into differentie systems and obtain extrinsic evalu-
ation results.

The overall value of the framework proposed in this paperaiesian open
question. The current performanceNgRrRo of the clustering, normalisation, and
classification tasks does leave much scope for improveniEmese processes
must be improved and the system re-evaluated before theseifiicient grounds
for accepting or rejecting the approach suggested here.
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Latent Semantic Analysis
and the Construction of Coherent Extracts

TRISTAN MILLER

German Research Center for Artificial Intelligence

Abstract

We describe a language-neutral automatic summarizatistersywhich
aims to produce coherent extracts. It builds an initial attcomposed
solely of topic sentences, and then recursively fills in thgdal lacunse
by providing linking material between semantically disgémnsentences.
While experiments with human judges did not prove a statlli signifi-
cant increase in textual coherence with the use of a latenaséic analy-
sis module, we found a strong positive correlation betwesreence and
overall summary quality.

1 Introduction

A major problem with automatically-produced summaries émegral, and ex-
tracts in particular, is that the output text often lacksrilteeand organization.
Sentences often leap incoherently from topic to topic, gsiny the reader and
hampering his ability to identify information of interestterest in producing
textually coherent summaries has consequently increasestént years, lead-
ing to a wide variety of approaches. Unfortunately, manyhefse techniques
are tied to a particular language or require resources saiehliat of discourse
keywords and a manually marked-up corpus; others are eamstt in the type
of summary they can generate (e.g., general-purpose vg/-fprissed).

We present a new, recursive method for automatic text sumatem which
aims to preserve both the topic coverage and the coherertbe aburce doc-
ument, yet has minimal reliance on language-spescifie tools. Only word-
and sentence-boundary detection routines are require@. sy$stem produces
general-purpose extracts of single documents, thougloitidmot be difficult to
adapt the technique to query-focussed summarization, aycaieo be of use in
improving the coherence of multi-document summaries.

Our system fits within the general categoryirfbased systems, but rather
than comparing text with the standard vector-space modelemploy latent
semantic analysia.6A) (Deerwester et al. 1990), a technique originally devel-
oped to circumvent the problems of synonymy and polysemg.insA extends
the traditional vector-space document model with ‘singuue decomposi-
tion’, a process by which the term—sentence co-occurreratexmepresenting
the source document is factored into three smaller matdtagarticular form.
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One such matrix is a diagonal matrix of ‘singular values’;emtone or more
of the smallest singular values are deleted and the thregcesmultiplied to-
gether, the product is a least-squares best fit to the otigiaaix. The apparent
result of this smearing of values is that the approximatettirilaas captured the
latent transitivity relations among terms, allowing foeidification of semanti-
cally similar sentences which share few or no common terrisaviWe believe
that the deep semantic relations discovered $ may assist in the identifica-
tion and correction of abrupt topic shifts between sentence

2 Algorithm

The input to our summarizer is a text document convertedarlist of m tok-
enized sentences. The list (indexed froro m) is then segmentedinto linearly
discrete topics. This can be done manually if the origin@lthoent is structured
(e.g., a book with chapters), or a linear text segmentatigorithm can be used.
The output of this step is a list of sentence indi¢gs. . ., t,,.1), where, for the

ith of then topics,t; is the index of the first sentence of the topic segment and
t;+1 — 1 is the index of the last sentence of the topic segment. Walatgpthat
there are no sentences which do not belong to a topic segstefur all¢;, we
havef/z' < Tit1, and

1 if i =1;
ti=< m+1 ifi=n+1,
the index of the first sentence of tit topic otherwise.

As mentioned previously, we usesA to measure semantic similarity, so be-
fore we can begin constructing the extract, we need to aactst reduced-
dimensionality term—sentence co-occurrence matrix. Qhiseis done, a pre-
liminary extract is produced by choosing a representatimei¢ sentence’ from
each segment — that is, that sentence which has the higlmeante similarity
to all other sentences in its topic segment. These topieseas correspond to a
list of sentence indice§, . .., r,) such that

tip1—1

ri = arg max E sim (j, k) ,
t;<j<tiy1 k=t;

wheresim (z,y) € [—1,1] is theLSA cosine similarity score for the sentences
with indicesz andy. In order to preserve important information which may be
found at the beginning of the document, and also to accourthépossibility
that the document contains only one topic segment, we ale@ysider the first
sentence of the document to be a topic sentence —j.e:,1 — and include it
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in our initial extract! Let us refer to this initial extract a8y = (e 1, .. ., €on11)
WherEeoﬂ; =Ti_1-.

As we might imagine, this basic extract will have very poone@nce, since
every sentence addresses a completely different topic eienwe can improve
its coherence by selecting from the ggt. ... m) \ F, a number of indices for
‘glue’ sentences between adjacent pairs of sentencesseapeal inFy. An ap-
propriate glue sentence between two others is one whichr@between them in
the source document, and is semantically similar to botlusihe seek indices
Gl = <.(]1,17 . ;gl,n> such that

g1, = argmax f (Sim’ (77 eU,’i) :Sim’ (]/ 60,77+1)) 3
€0,i <J<€0,i+1
where
flay) =y (1 -]z -yl
and
oy _ 0 if sim (z,y) > aorsim (z,y) < 0;
sint’ (2, y) = { sim (z,y) otherwise.

for « € [0, 1]. The purpose of () is to reward glue sentences which are similar
to their boundary sentences, but to penalize if the sintylasi too biased in
favour of only one of the boundaries. The revised similantgasuresim’()
ensures that we do not select a glue sentence which is nepriya¢ent to any
one boundary — such a sentence is redundant. (Of courseil uaéies ofx
will be 1 or close thereto.)

Once we havé&,, we construct a revised extrakt = (€11, .., €1m41) =
(Ey U G1).2 More generally, however, we can repeat the gluing process-e
sively, usingF; to generaté+; ., and hencd’; ;. The question that arises, then,
is when to stop. Clearly there will come a point at which seme= e, ;11 — 1,
thus precluding the possibility of finding any further gluengences between
them. We may also encounter the case where fok akttweere; ; ande; ;,1,
[ (sim’ (k,e;;),sim’ (k, e; j11)) is so low that the extract’s coherence would not
be significantly improved by the addition of an intermediagntence. Or, we
may find that the sentences with indiegs ande; ;. are themselves so similar
that no glue is necessary. Finally, it is possible that the uwgshes to constrain
the size of the extract to a certain number of sentences, arfiteed percent-
age of the original document’s length. The first of these @itagp conditions is
straightforward to account for; the next two can be easitydhed by introducing

1 In practice, it may be the case that= 1, in which case inclusion af, is not necessary. We
assume, without loss of generality, thrat£ 1.

2 For notational convenience, we take it as understood tlesgehtence indices in the extracts
E; are sorted in ascending order — thatdg; < e; ;41 forl < j < |E;|.
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Algorithm 1: glue()
input :initial extract £/, maximum extract length
output : largest coherent extract of length/
precondition: |E| < ¢

assumption : Lists are kept sorted in ascending order. Where list elé¢snere
coordinate pairs, the sorting key is the first coordinate.

G+ ();
fori« 1to|E|—1do
s < sim(E[i], E[i + 1]);
if E[i] = E[i+ 1] —1o0rs> fthen continue
g+ argmax f(sim’(j, E[i]),sim’(j, E[i + 1]));
Eli]<j<E[i+1]
it f(sim (g, E[i]), sim’ (9. Ei +1])) > 7 then G « G U ((s,9));
end
if |G| = 0then
| return £,

else if [E| + |G| > £ then

@)
wa2e |J al >;

return £ U <:z:
i=|E|+|G|—f+1

else
return glue(E U (z | (y,z) € G),¥);
end

two fixed thresholdsg} and~: when the similarity between adjacent sentences
from E; exceeds3, or when the value of () falls below~, no glue sentence is
suggested for the pair in question.

The case of maximum summary length is a bit trickier. If we o€ con-
cerned about undershooting the target lerfgthen we can simply halt the algo-
rithm once|E;| > ¢, and then takd”; , (or E;, if |E;| = ¢) as the final extract.
Most real-world applications, however, demand that we mé&eé the extract
size. GivenFE;_; of length? — p, the optimal extract of length/ is the one
which glues together thelargest gaps ik; ;.

A version of the gluing algorithm which takes into accounfalir stopping
conditions is shown in Algorithm 1.

2.1 Complexity analysis

Given an initial extract of length, the first recursion of Algorithm 1 will add at
mostn — 1 sentences to the extract, yielding a new extract of leggth 1. In
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general, at most'~'n sentences will be added on tfth recursion, bringing the
extract length t@'n — 1 sentences. Therefore, to achieve an extract of length
¢ > n, the algorithm needs to recurse at least

[ l+ 1}
log,

n

times. The worst case occurs when= 2 and the algorithm always selects a
glue sentence which is adjacent to one of the boundary sesddwith indices
e; ande,). In this case, the algorithm must recursin (¢, e, — e;) times, which

is limited by the source document length,

On each recursionof the algorithm, the main loop considers at most-

(2'n — 1) candidate glue sentences, comparing each one with two afthe 1
sentences already in the extract. To simplify matters, we ti@t2in — 1 can
never exceedh, so the number of comparisons must be, at worst, propoitiona
to m. The comparison functiosjm(), 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 naive implementation of Algorithm 165 wm?).

Running time can be cut down considerably in the general, dasgever.
Sincesim(7, j) remains constant, we can save time by precomputing a trian-
gular similarity matrix of all pairs of sentences in the do@nt, or better yet,
by using memoization (i.e., caching intersentential snity values as they are
computed). The algorithm could be further improved by hguime loop skip
over adjacent extract sentences for which no glue was fooredgevious recur-
sion. At any rate, the running time of the summarizer as a a/hdll likely be
dominated by thevD step of theLsA stage (at leasd (wm?)).

3 Evaluation

3.1 Source data

We had hoped to use theesTERdocuments commonly used in summary evalua-
tions at the annual Document Understanding Conferemige), However, most

of them were very short and focussed on single, narrow tppnaking them
unsuitable for an evaluation of summary coherence. We filvereandomly se-
lected one 1000-word and one 2000-word article from a ctiganyclopaedia,
plus one of the five longest newspaper articles frontthe 2001 trial data.

3.2 Comparison systems

On the basis of our own informal observations, we determthatdour system
(hereinafterlsa ) performed best with a retention of 20—-30% of the singular
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values and thresholds of = 0.9, 8 = 1.0, andy = 0.1. More parsimonious
cutoffs tended to result in summaries greatly in deficit ef alowed length.

We selected four third-party comparison systems basedeinatailability
and similarity to our own technique and/or goals: Microdafird,commonly
available and therefore an oft-used benchmark; Lal & Ri{@@02), a Bayesian
classifier summarizer intended to assist students withimngacbmprehension;
Copernic,a commercial summarizer based partly on the wiofkimey (2000);
and Sinope(formerly Sumatra),which, like , employs a technique for iden-
tifying latent semantic relations (Lie 1998). In our resuiibles we refer to
these systems agord , plal , copernic , andsinope , respectively. In addi-
tion to the above systems, we employed random- and initialesice baselines
(random andinit ), as well as a version of our summarizer which does not use
the singular value decomposition modut®isa ).

3.3 Test procedure

We ran the eight summarizers on the three source documeits dach —

once to produce a “short” summary (around 100 words) and tmgzoduce

a “long” summary (around 300 words). We then recruited huindges who

self-identified as fluent in English, the language of the sewlocuments. The
judges were provided with these documents and the 48 sumsnguduped ac-
cording to source document and summary length. We askedidges$ to read
each source document and then assign to each of its sumraarieteger score
ranging from 1 (very poor) to 5 (very good) on each of threeatisions: com-
prehensiveness (i.e., topic coverage), coherence, amdllogeality. The judges
were told only the compression ratio for each summary artittotake it under

consideration when assigning their ratings.

4 Results

4.1 Interjudge agreement

To compare interjudge agreement, we computed correlatairicas for each of
coherence, comprehensiveness, and overall quality mtinterjudge agreement
on coherence was generally low, with the mean Pearson atiarlcoefficient
r ranging from 0.0672 to 0.3719. Agreement on comprehensaeand qual-
ity was better, but still only moderate, within the ranges0.2545, 0.4660] and
[0.2250, 0.4726], respectively. Why the correlation is only moderate is clifffi to
explain, though given the similarly low agreement in thec 2001 evaluations
(Lin & Hovy 2002), it was not entirely unexpected. Though wadimade an
effort to narrowly define coherence in the written instroos to the judges, it is
possible that some of them nevertheless conflated the tethmitasimore conven-



LSA AND THE CONSTRUCTION OF COHERENT EXTRACTS 283

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 Isa 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 digssed in Miller (2003),
this last possibility seems to be supported by the judgeistemrcomments.

4.2 Comparative performance of summarizers

We usedsAs to perform a three-way repeated-measures analysis ofnearia
(ANOVA) for each of the three dimensions: coherence, compreleress, and
overall quality. Quite unexpectedly, thddcumentsummary lengthsumma-
rizer) three-way interaction effect was significant at the 0.0Bfickence level
for all three dimensionsp(= 0.0151, p < 0.0001, andp = 0.0002, respec-
tively). This means it would have been very difficult, if notpossible, to make
any generalizations about the performance of the inditidummarizers. On
the assumption that the type of document was irrelevantmansarizer perfor-
mance, we added the document scores for esgimiharizersummary length
rater) triplet to get new coherence, comprehensiveness, andlbgeaality mea-
surements in the randg, 15]. We then performed two-way repeated-measures
ANOVAS for each dimension. The two-way interaction effect wdkssgnificant
for comprehensivenesg & 0.0025) and overall quality = 0.0347), but not
for coherencey( = 0.6886).

4.2.1 Coherence

In our coherencaNoVA, the only significant effect was the summarizer(
0.0001). That summary length was not found to be significant( 0.0806) is
somewhat surprising, since we expected a strong positisrelation between
the coherence score and the compression ratio. Though weskidur judges
to account for the summary length when assigning their scere did not think
that very short extracts could maintain the same level oéperice as their longer
counterparts. It may be that summary length’s effect on i@te is significant
only for summaries with much higher compression ratios thase used in our
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Short summaries Long summaries

Rank(s) Summarizer Meanrating Rank(s) Summarizer Mean rating
A copern 10.0556 A plal 11.9444
A plal 9.6667 A B copern 10.5556
A B init 85556 A B init 10.2222
A B nolsa 8.1111 B sinope 9.6667

B Isa 7.5556 B word 9.6111
C B sinope 7.0000 B random 9.2222
C B word 6.9444 B Isa 8.9444
C random 5.3889 B nolsa 8.9444

Table 2:Summarizer comprehensiveness rankings
Short summaries Long summaries
Rank(s) Summarizer Meanrating Rank(s) Summarizer Mean rating
A copern 9.7222 A plal 11.1667
A B init 9.4444 A B init 10.2778
A B plal 9.0556 A B copern 9.9444
A B nolsa 7.5000 A B word 9.2222
C B Isa 73333 A B Isa 9.0556
C word 6.9444 B random 8.5000
C sinope 6.7778 B nolsa 8.3333
C random 5.5556 B sinope 8.1667
Table 3:Summarizer overall quality rankings
study.

With respect to the comparative performance of the summanidy 7 of the
28 pairwise comparisons from oMKROVA were significant at the 0.05 confidence
level. The initial-sentences baseline was found to perfsigmificantly better
than every other summarizer € 0.00083) exceptcopernic andplal . The
only other significant result we obtained for coherence Wasthesinope summarizer
performed worse thacopernic  (p = 0.0050) andplal (p = 0.0005). Using
these pairwise comparisons, we can partition the sumnrariato three over-
lapping ranks as shown in Table 1.

4.2.2 Comprehensiveness and overall quality

The mean comprehensiveness score for long summaries wee ltigin that for
short summaries by a statistically significant 1.9792:(0.0001, o = 0.05). In

3 All p values from here on are Tukey-adjusted.
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fact, in no case did any summarizer produce a short summasgevimean score
exceeded that of the long summary for the same document. cbhisg be be-

cause none of the short summaries covered as many topics jasiges thought
they could have, or because the judges did not or could noplsdety account

for the compression level. In order to resolve this questiagwould probably

need to repeat the experiment with abstracts produced byahexperts, which
presumably have optimal comprehensiveness at any congueasio.

Likewise, the overall quality scores were dependent not onlthe summa-
rizer but also on the summary length, but it is not clear wiethis is because
our judges did not factor in the compression ratio, or bes#lusy genuinely be-
lieved that the shorter summaries were not as useful as theg bave been for
their size.

As with coherence, we can partition the summarizers intelapping ranks
based on their statistically significant scores. Becausétimmary lengthsum-
marizen interaction was significant, we produce separate rankimgshort and
long summaries. (See Tables 2 and 3.)

4.3 Analysis

Unfortunately, moderate to low interjudge agreement fothake dimensions,
coupled with an unexpected three-way interaction betwieesummarizers, the
source documents, and the compression ratio, stymied tempts to make
high-level, clear-cut comparisons of summarizer perforoea The statistically
significant results we did obtain have confirmed what re$emscin automatic
summarization have known for years: that it is very hard tatlibe initial-
sentences baseline. This baseline consistently rankeleitiop category for
every one of the three summary dimensions we studied. Whgledpern and
plal systems sometimes had higher mean ratings thian , the difference
was never statistically significant.

The performance of our own systems was unremarkable; thesistently
placed in the second of the two or three ranks, and only ontteeifirst as well.
Though one of the main foci of our work was to measure the dautton of
the LSA metric to our summarizer's performance, we were unable aagany
significant difference between the mean scores for our suipenand its non-
LSA counterpart. The two systems consistently placed in the@sank for every
dimension we measured, with mean ratings differing by noentban 6%. As
a case study in Miller (2003) suggests, this nebulous resajt be due more to
the LsA summarizer's unfortunate choice of topic sentences thats tgluing
process, which actually seemed to perform well with the niedtit was given.



286 TRISTAN MILLER

5 Conclusion

Our goal in this work has been to investigate how we can ingtbe coherence
of automatically-produced extracts. We developed andempghted an algo-
rithm which builds an initial extract composed solely of itogentences, and
then fills in the lacunee by providing linking material betwesemantically dis-
similar sentences. In contrast with much of the previouskwee reviewed, our
system was designed to minimize reliance on languagefspfsatures.

Our study revealed few clearly-defined distinctions amdmgsummariza-
tion systems we reviewed, and no significant benefit to usiagwith our algo-
rithm. Though our evaluation method for coherence was @gdrio circumvent
the limitations of automated approaches, the use of hundgepiintroduced its
own set of problems, foremost of which was the low interjudgeesement on
what constitutes a fluent summary. Despite this lack of cosise we did note
a strong { = 0.6842) positive correlation between the judges’ scores for coher
ence and overall summary quality. We would like to take tkig@aod evidence
that the production of coherent summaries is an importagaiech area within
automatic summarization. However, it may be that humanglgirfind it too
difficult to evaluate coherence in isolation, and end up gisither aspects of
summary quality as a proxy measure.
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Abstract

Email threads are the most common way to represent (arghivgclission
groups or mailing lists. Due to the large volumes of such igesh better
representation of the threads is required in order to all@wisers to find
topics of interest and to decide which threads to read. Tdpepdiscusses
our initial approach to generating thread overviews thatesas indicative
summaries for the thread. The overviews give the user arhidita of
what is discussed in a related set of email exchanges thautrently used
conventions can provide. A relatively large user study dp éfmail threads
was performed and it confirmed the utility of the proposedrapgh.

1 Introduction

Mailing lists and discussion groups are becoming increggipopular. They
contain a lot of potentially useful or interesting inforneet (Millen 2000) but
finding relevant information might be a daunting task. Themmeason for this
is that whether reading current postings or past archiveshas few clues what
exactly is discussed in an email thread before actuallyingeall the postings in
it. One of the most common representations of mailing lishiaes is a sequence
of the threads in the archive, where each thread is shown iaslanted list with
subject lines and sender’'s name, time of posting and nunftfetlow-ups for
the message. Even when the subject of the initial posting)af the thread is
well chosen and informative, the indented representasioot very helpful since
the subjects of all follow-up messages are simply “Re: @agBubject”. Hyper-
mail' and MHonAr¢ are the two most commonly used programs for mailing list
archiving and they create browsable representations ditlagjust described.

A somewhat better representation is a more hierarchidahdiswhere the
first level contains the subject of the first email in each dlréhe root) and
the number of postings in the thread and then when a thrdgdtdus chosen,
the indented representation of just this thread is shownnevawindow where
the messages can be opened and viewed one at a time. Thaigttoodof this
extra level gives the user the ability to quickly skim thraoufe initial subject

! http:/iwww.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 re#8TSER\? provides
archives of this kind. But, again, even when the subjectHerihitial posting
is well-chosen, it can rarely give the user a good descrippibwhat is being
discussed.

Googlé groups further improve on that by using a two-level représtéom.
The first level is similar to the first level in LISTSERV arck& and contains
date of posting, subject dhread initial email, name of most recent poster and
number of messages in the thread. The second level conséstao frame page
showing the indented structure and a digest of the messagaseoscreen. The
digest consists of the concatenated bodies of the first taisages posted in the
thread. The Google groups representation therefore albouser to find topics
of interest and to read the threads corresponding to eaghwdgout having to
click on every message.

In this paper we describe a more efficient representatidratioavs a user to
decide which threads to read without browsing the actuatesdrof the thread.
We call this a thread overviewand it consists of an extracsitmmary for the
documents at the first two levels of the discussion thread he overviews are
relatively short and the user can skim through them in orddind threads of
interest.

2 Related work

The need for better and easier access to email, discussoupgrand mail-
ing lists has given rise to several directions of researclsuBstantial body of
work addresses the problem of visualization and how it caititiete access and
navigation. Conversation map (Sack 2000), for examplen im&erface for dis-
cussion archive browsing. The foci in its development a@aspsemantic and
pragmatic aspects of the discussion and how these can ladizesli The system
computes links of interaction — who responds to whom, find¢Herities” in the
discussion and also creates semantic networks repregesmiiiarities and con-
nections between topics discussed in the list. Smith & H2891) and Donath
et al. (1999) also discuss issues with visualizing the hugeLent of useful meta-
data that can be gathered from discussion lists.One of thielgmns common
to all three of these approaches is that representatioan oftolve diagrams,
graphs and semantic networks whose interpretation is tuitiire for users.

Work by Muresan et al. (2001) describes an approach to suizingasingle
emails by key phrase extraction. A corpus of email was méyietheled and
machine learning techniques based on linguistic featusse 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 overdlivercharacteriza-
tions and better representation of individual threads. Aipo of the essential
text of each email is presented in the first level of overvighe also deals with
visualization issues and the approach seems promisingobuser studies have
been conducted so far to evaluate the system.

All the work in the field of multi-document summarizatfois very related
to the problem of creating an overview for an email thread.oAof research
has been done on informative summarization for newswiré,itbseems that
indicative summarization is what is more needed in the stenhat we dis-
cuss. Informative summaries are intended to serve as sue®{pr the original
document(s), while indicative summaries aim at providingdea about what
is discussed in the document(s) and rather than substjttitenoriginal(s) they
are supposed to help the user decide if the document(s) atke wetrieving and
reading.

3 Task and corpus

Taking into account all the previous discussion on the gnoblthe current prac-
tices and related research, we felt that an indicative summepresentation of
an email thread can facilitate the retrieval of relevanoinfation from mailing
list and mail-based discussion groups. Therefore, we wicotgenerate indica-
tive summary representations or overviews of threads thatpcovide a better
idea of the problem discussed than the original subjectdioee could give.

Since automated subject/headline generation (Banko €0aD) is a hard
problem and has been currently addressed only in singlendecusetting, ex-
tractive summary generation seemed like a good way to pdo¢e®ther words,
extracting one informative sentence per email and usirtgahthe subject would
provide a preview of the content of an email. Such an approaciplements the
approach taken by Newman (2002a) where parts of messagsksave as part
of an overview page. An obvious starting point would be tothedfirst sentence
of an email as its subject. However, unlike newswire, firataseces in email can
often be greetings, quotes from a previous message, hed#demation, etc.,
and therefore they, in general, may not be informative. Kaetess, we used a
variant of first sentence extraction as a baseline for comgane performance
of our approach (described further in Section 5).

3.1 Corpus

We chose to work with the Pine-Info mailing list which comsemails regarding
“features, bugs and workarounds, usage, installatiortpmigation and more

5 See for example the Document Understanding Conferenceicptibhs http://www-
nlpir.nist.gov/projects/duc/pubs.html .
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pertaining to the Pine softwar®” The choice of this list was deliberate as the
discussion there is very focused and usually problem-sgleriented and our
approach is targeted toward discussion lists of this king.cdmparison, the
discussion on general topics can be much more loosely dekatd far more
difficult to process successfully.

The length of discussion paths (a single branch of the dsscogree) and
their branching factor (the maximum number of answers a agesgets) can
vary significantly from one discussion group to another. Aalgsis of the cor-
pus showed that neither the depth nor the branching facttireothreads were
very large. Table 1 shows that paths in threads from theeligt to be short, with
the majority including just a root and a follow-up to it (def) and that chains
of replies longer than 4 are not typical. Threads in the histedso not very bushy,
with most messages receiving just one or two replies. Thetdiares can be
seen in Table 1.

The shallow, thinly branched threads in this corpus are ¢kalt of the fo-
cused nature of the list. The initial emails are usually essifor help and they
often receive direct answers. This makes the top level oflimussion tree (the
root plus the first level of answers) very useful since thégro€ontain statements
of problems and their solutions. We should however notertbtall threads start
with a problem guestion followed by a series of answers. &lage numerous
cases where the initial email starts a general discussitinits opinions, reports
bugs, suggests new features, etc. The archive providedth2@89 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 fact@a the left are
shown the number of branches (paths) with the specified d€pthhe right, the
number of messages with a given number of successors & it leaf messages
with no succesors are not shown

4 Generating thread overviews

As described earlier, our goal was to generate an indicativemary represen-
tation of a thread by extracting, from each email in the tlr@esentence which
substitutes its subject line. Because of the problem sgluature of the discus-
sion list, we noticed that a further reduction can be madexbyeting a sentence
only from the thread root message and its immediate follpw-These extracts

b http://www.washington.edu/pine/pine-info/
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ideally contain a statement of the problem and a suggestioitsfsolution, they
are easy to read and also they give the user sufficient infayman the topic
of the thread so that the user can decide if he needs to reashthie thread.
Thus, we do not use a fixed compression rate in terms of wordkdgroduced
summaries, but rather aim at a more flexible stratagy in wbhighsentence per
message is chosen.

Figure 1 shows an example of an indicative summary of a thréae first
line, in bold, is the original subject line of the root messa@elow this line is
the summary subject line from the root followed by two sumyrarbject lines
from the two replies.

The algorithms used to generate such an indicative summargiescribed
below.

4.1 Extracting sentences from roots

Often initial postings have well-chosen subjects. In ortefind the sentence
in the root email that contains the heart of the problem arathan background
or introduction information, we find the shortest sentemcéhe email that has
the largest overlap of nouns, verbs, adjectives or adveitbhstiae subject of the
message. There are four stages in the algorithm:

(1) Clean any existing quotation and signature blocks frieerbot.

(2) The message and its subject are processed with LT POSeklik{1996).
Sentence boundaries and parts of speech are assigned.

(3) Every noun or verb is substituted by its non-inflecteddakform, ob-
tained from WordNet (Miller et al. 1990).

(4) Each sentence is assigned a score equald@apg,;/lengthsen,, where
overlap,.; is the overlap of noninflected forms of verbs, nouns, adjesti
and adverbs in the subject and the sentencesicamgth,.,,; is the number
of words with such parts of speech in the scored sentencéwelnase of
ties, the sentence with highest score that appears firseibady of the
message is chosen.

The sentence with highest score is extracted. The norntalizéo sentence
length was aimed at picking shorter sentences. Very lontggeas are not easy
to skim and also for such sentences the probability of lamgerlap is naturally
higher. We will return to the issue of normalizing the sertelength for the root
in Section 5.

4.2 Extracting sentences from follow-ups

In this stage, the overlap in terms of verbs and nouns betdeeroot message
and each of the sentences of the follow-up message is cothpute



292 ANI NENKOVA & AMIT BAGGA

‘A C:\paperTEX\eacl\overview.html - Microsoft Internet Explorer.
Fie Edit View Favortes Tools Help /4

- [Q] Pine marks mails Deleted by itself 2?2
That happens even if I never mark any mails Deleted .

o It is possible that your server defines a certain period , after which
messages will be deleted .

> I have a setup here, so all mails which have been read in INBOX , is
forced to the folder : new-mail , you can call it a form of save which
marks the messages as deleted in the first folder , and therefore,
leaving Pine gives the question about delete files in INBOX

i£] Done 4 My Computer

Figure 1:Thread Overview Example

(1) Clean any existing quotation and signature blocks i bioé¢ root and the
follow-up messages.

(2) Both the root mail and its follow-up are processed with RDS to get
part-of-speech tags and sentence boundaries. Using Wonddlens and
verbs are converted to their noninflected forms.

(3) For each sentence in the follow-up, a weight is computathketo the
overlap of nouns and verbs between the root email and thersant

(4) The sentence with highest score is extracted as a “maic”tfor the
follow-up message. Again, ties are decided by giving pesfee to the
sentence with the highest score that appears earliest méksage.

Thus, the root message is taken as background and the sembest relevant
to the background in the follow-up is extracted. This apphohelps make the
overviews more cohesive as it ensures that the subjectsedbtlow-ups are
related to the subject of the root.

An example of a thread overview is shown in Figure 1. Figureides the
full text of the messages in the thread.

5 Evaluation and results

Evaluating machine generated summaries in an automatedswayrently an
unsolved problem. Therefore, we used human subjects tejtitgindicative
summaries produced by our system. We used fifteen humancssibpeevaluate
fifty randomly selected threads containing 161 messagab ®ach thread was
evaluated by three subjects and the majority decision vikentas final.

We asked the users to evaluate the summaries in three dionensi
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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 theeseses extracted
per email. The last two rows contain the rating of how indiathe entire overviews
were both before and after reading the actual thread. GOORmehe evaluator
could form an expectation about the subject matter of thesaggsthread and BAD

means the summary was not helpful

(1) How informative was the overview? How good idea doesii¢giou about
what is being discussed in the thread?

(2) Was the summary subject line of the root message apptefriCan you
get from it an idea of what the message is about?

(3) Were the summary subject lines of each of the responses@ate?

The first question is definitely different from the other twechuse it is possible
that well chosen subject sentences do not make up a goodieweor alterna-
tively, the overview can be informative even when the moptapriate sentences
are not chosen as the subject for either the root or one or afdhe follow-ups.
In order to capture this variation we asked our subjects #b fidge threads
as a whole and then separately judge the appropriatenesstoéthe subject
sentences with respect to the email it is extracted from.dtit®n, since it is
possible that overviews may suggest a misleading topicsaiudision, we asked
the human judges to give their opinion on the informativerafsthe thread in
two scenarios. First, they were asked, before reading attyeahessages in the
thread, to read the overview and decide if they can form aa afevhat will
be discussed in the thread. Then, after reading the messaggsgave their
opinion again, now acquainted with the actual content ohtlessage. Opinions
did change — out of the 150 total judgments, there were 22gd®aaf opinion
where an overview first seen as informative was judged nmisigaafter reading
the whole thread, and there were 7 changes in the oppositetidin.

Table 2 shows the ratings on the appropriateness of theceedkaentences
for each of the messages in the fifty threads. A closer lodkeattimbers showed
that the performance for root messages was lower than thaedbllow-ups.
A subsequent analysis showed that normalizing the sentengéh resulted in
concise but not necessarily the most appropriate sentdieg picked as the
subject. Table 2 also shows the ratings on how indicativeotteeviews really
were. The first observation here is that the numbers for tilieativeness of the
overviews are much higher than those for the appropriasenfethe sentences.
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2 C:\paperTEX\eacl\messages.himl - Microsoft Internet Explorer :
Fle Edt View Favortes Tooks Help w

ROOT SUBJECT: [Q] Pine marks mails Deleted by itself 77

It happens many times that when I close a folder Pine asks if
it should delete # of mails. That happens even if T never mark
any mails Deleted.

It both happens with Windows pine and Unix pine.
The imapd server is a SCO UNIX running mmdf.

What can the reason be for that behavior, Is there anything I can do
to change it?

REPLY1 SUBJECT: Re: Q] Pine marks mails Deleted by itself 27

It is possible that your server defines a certain period, after which
messages will be deleted. For example, at Boston College, messages are
deleted after 30 days.

So. if it's alwavs after a particular number of days, this may be the answer.
However, other than that, [ am not sure what would cause that.

REPLY2 SUBJECT: Re: [Q] Pine marks mails Deleted by itself 77
You need to be more specific, about which folder you close.

I have a setup here, so all mails which have been read in INBOX,
is forced to the folder: new-mail, you can call it a form of save
which marks the messages as deleted in the first folder,

and therefore, leaving Pine gives the question about delete files
in INBOX.

£] Done 4 My Computer

Figure 2:Messages for which the overview in Figure 1 was generated

The figure also shows that there was a net 6% change of opmitwe inegative
direction. While the final numbers in this figure are not in desired 80% plus
range, we feel that when compared to the existing schemepehting the sub-
ject line of the root messages, our representation proddasge improvement
with 68% of the overviews actually being judged as good.

The judges were also asked to compare the thread overviegrajed by
sentence extraction and a baseline overview generatedrythe first sentence
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in a message. However, as noted earlier in the paper, theséindeénce of a
message can consist of quotes from previous messages inrélaelt greetings,
etc. Therefore, in order to make the comparison realistcmanually chose the
first “useful” sentence of the message. The overview geeéray our system
was better than or equal to the baseline 74% of the time. Tree fdges could
not form a majority opinion in 10% of the cases while in 16%!lu tases they
preferred the baseline overview.

6 Conclusions and future work

The user study evaluation shows that extractive technigaashelp enhance
access to discussion group archives. A natural next stdpbwito try multi-
document summarization approaches to the messages attleeleszel of the
discussion tree. In order to get maximum benefit from theatthi@verviews, the
extraction of sentences needs to be combined with vistigiztechniques.
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Abstract

The paper studies the factors influencing the performanabeotatent
Semantic Analysis. Unlike previous related research thatentrates on
parameters such as matrix elements weighting, space donetit/, sim-

ilarity measure etc., we address the impact of another fuedéal factor:

the definition of “word”. For the purpose, series of expetitsewere per-
formed on two corpora in order to compare (with respect tddbk of text
categorisation) six word variants with different lingigsguality. The re-
sults show that while the linguistic processing influentesgerformance,
the traditional factors are more important.

1 Introduction

The contemporarinformation RetrievallR) relies almost exclusively ohag-
of-wordsmodels and individual words counts. Multi-word terms argsleften
used as basic language elements due to the complexity andwatyiof their
recognition. Thus, the definition ofiord/termfrom the point of view of the
particulariR algorithm may turn to be of crucial importance. It could bstjtne
surfaceword type(form) as seen in the text, themma(the canonical form) after
inflexions removal, theoot or thestem(a prefix shared by the different forms of
the same word). In the latter case, a stem can group togethedrd inflected
forms only (of the same root), but often includes derivatiorariants as well. In
addition, thehomographsan be further disambiguated: this can be limited to
Part-Of-SpeeclkiPO9 only, or may involveword sense disambiguatigwhen a
supervised algorithm is used) word sense discriminatiofwhen unsupervised,
e.g., clustering). Finally, theermscan be multi-word phrases or named entities.
There is a default assumption in the computational lingegstommunity
that a better, linguistically motivated definition wbrd may improve theR re-
sults, whatevetimprovement” means, but this remains to be proven or at least
checked in carefully designed experiments. Our presenit isdocused orLa-
tent Semantic AnalysigSA in an attempt to better understand the role of the
preliminary linguistic processing for text classificatiohBulgarian documents.
Section 2 briefly introducesSA as anIR technique. Section 3 comments the
related work. Section 4 overviews the resources used. ddebtdescribes our
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experiments and section 6 discusses the results. Sectiontdirs the conclu-
sions and future work.

2 LSA and text categorisation

LSA is among the most popul#R techniques. It assumes an internal structure
of the word usage that cannot be observed directly due tadleeldm of lexical
choice: a variety of words and word combinations can reféhéosame notion,
as different people use the same words to describe the sgewt &b-20% of
the time only (Furnas et al. 1986). The core ided.8A is the assumption of
mutual latent dependencies between the words and the ¢tstiey are used in
(phrases, paragraphs or texts). By taking advantage qflifs can deal with
synonymy and partially with polysemy, which are among thé¢omproblems
with the word-based approaches.

LSA is fully automatic and does not need linguistic resourceéss & two-
stage process including learning and analysis of the intidata. Orearning,
LSA performs an automatic document indexing and constructs:an matrix X
with columns associated with tmedocumentsand rows with then terms The
matrix X is subject tasingular value decompositidi$VvD), which is supposed to
remove the unnecessary noise while revealing the latetdrfaclt compresses
the original space in a much smaller one where only a limitedier of singular
values are kept (typically between 100 and 400; experimientEnglish show
300 is close to optimal (Landauer & Dumais 1997)). As a resultector of re-
duced dimensionality is associated with each term and waith document. The
second phase is tlanalysis when the proximity between two documents/terms
is calculated as the dot product between their normaliS#dvectors.

In our experiments, we built arSA matrix from the documents in the train-
ing set. The new document to be classified is projected in$i#espace and then
compared to each one from the training set with cosine as itasitymeasure.
We usedk-nearest-neighbou(kNN), which is among the best performing text
categorisation algorithms: calculate a similarity scogéneen the document to
be classified and each of the labelled documents in thetigaset. Wherk = 1
the class of the most similar document is selected. Othenthe classes of the
closest documents are used, taking into account theirscdimally, in addition
to LSA, we considered for comparison the standagdtor-space modéith no
dimensionality reduction).

! We can uselirect sumor sum after dividing by the rand the document in the sorted list of the
closestk ones. Considet = 6 and let the 6 closest documents have scores/classes agsfollo
.98Lls2, .76kls], .65kls3 .53kls], .47kls2and .33¢Isl When just adding the individual
scores, we obtairclsl .76+.53+.33=1.6%ls2 .98+.47=1.45 andIs3 .65. Soclslwins. If
we divide by the rank, we havelsl.76/2+.53/4+.33/6=.567%]s2 .98/1+.47/5=1.074 and
cls3 .65/3=.2167, sals2wins.
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3 Related work and motivation

A variety of algorithms have been applied to supervised textegorisation:
Naive Bayes,k-nearest-neighboulklIN), Rocchio, support vector machines,
decision trees, decision lists, neural networks, maximuatnogy, expectation
maximisation, linear least squares etc., see (Yang 199%rfeoverview. For
application ofLSA to text categorisation see (Bartell & al. 1992; Foltz & Du-
mais 1992). ISA is highly dependent on the parameters tuning (Nakov 2000),
see (Dumais 1991) and (Nakov et al. 2001) for a deeper studlyeofveight
functions impact orLSA performance. (Nakov et al. 2003) contains a longer
list of relevant work, dealing with application @5A to text categorisation and
parameters tuning. Here we briefly point to the following:

1. AlthoughLSA is a comparatively old and well-studied technique, itseffe
tive usage requires sophisticated tuning, which is vievsed kind of art. Some
of the most important performance factors aig¢définition of term, {{) matrix
elements weightingji{) space dimensionality, ant/) similarity measure. EA
has been used for a variety of tasks, including text categtoin. We found the
latter more natural for automatic evaluation since it aloelatively easy results
comparison and is to certain extent more “objective” thandlassidR. There
are several subtasks in text categorisationtopic identification, i) authorship
attribution, {ii) text genre classificationj\) language identification, etc. The
experiments reported below are restrictetbjgic identification

2. The definition oftermin LSA input texts attracted less attention so far
and has not been investigated systematically as a perfeen@actor. To the
best of our knowledge, it is not studied at all for the highmiflectional Slavonic
languages, which motivates our current research.

3. Stemming for Bulgarian is an interesting problem becaidisbe definite
andindefinite articleswhich appeaaugmenteat the veryendof the words. We
used a rule-based inflectional stemmer for Bulgarian (Na&4@83) with stem-
ming rules learned automatically from the morphologicatidnary we have at
hand. In order to improve the coverage, we applied all the@3stemming rules
for the three-letter left contexts.

4 Linguistic resources and text collections

A key resource for the experiments reported below is thesldgrphological
Dictionary of Bulgarian created at the Bulgarian Academy of Sciences. The
texts from the corpus were lemmatised according to thisatiaty and the list

of 442 stopwords was derived from it as well. Although thersteer targets the
inflectional morphology only, the resulting stems sometimes conflatereifit
derivationalvariants as well. This means, sometimes it is potentiallyepow-
erful than lemmatisation (although it is conservative aotlas aggressive as the
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traditional stemmers for English, e.g., the Porter stem(ferter 1980)). From
a linguistic perspective, stemming is less “correct” thaminatisation, so we
wanted to compare them.

We built a special collection (calleBet1) of news articles from Bulgar-
ian online sources, which includes 702 different documemsually grouped
in 15 categories.Setl5contains 19,429 word types and 406,783 word tokens
(the numbers and the non-Cyrillic symbols are excludedythen, we filtered
out all single letter words as well as the ones met in a singteichent (as they
cannot contribute to the similarity between two documerienvcosine is used
as a similarity measure). As a result, the word types courppid 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 tdoaichents
from 4 categories only:i) Agriculture&Foresty— 12 documents;i() Culture —
33, (ii) Defence— 15 and {v) Sport— 67. When the filtering was applied to
Setdthe word types/tokens dropped from 15,483/80,016 to 533B27. Set4
contains 4,487/71,879 stems for types/tokens respegtigbtained using the
above-mentioned stemmer, 4,558/73,018 lemmas, 951/pHiEsal terms and
190/458 named entities. Semantic processing concernedcdhantities only, as
synonymy of institution names was relevantly marked. A nueiled discus-
sion regarding the data can be found in (Nakov et al. 2003).

A potential problem with this stopwords removal is that mafiyhe stop-
words can be regular ones depending on tReig There are 53 such stopwords
in our dictionary. So, for thOSdisambiguation, lemma and lemma&phrase
experiments described below we checkedrbsbefore filtering. For the stem-
ming experiments no checking was performed.

5 Experiments and evaluation

The evaluation was based orstatified 10-fold cross-validationFor the pur-
pose Setl5was splitinto 10 sets of almost equal size such that the diagibu-
tion in each set follows as close as possible the classhlisioh in the original
collection. We ran 10 tests, each time training on 9 foldstasting on the re-
maining one. We calculated the classification accuracy ertdht set for each
run and took the average over the 10 runs.

Setdis smaller and we did not want to lose too much data for trgifso we
performed a stratifiedO-foldcross-validation. An alternative would be to follow
aleave-one-oustrategy: train on 126 documents and test on the remainiag on
But since we remove a document from one class only, this elé$suffer,
unlike the rest, and thus the results will not be a good appration of the real
performance. We decided that 20 is a good compromise bettiveeneed to
model to some extent the original distribution and to wastkess documents as
possible during testing.
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As we will see below, the choice of weighting functions, agglprior to SVD

can have a dramatic impact on the further performance. Thghtweg is ex-
pressed in terms of tHeocalandGlobal Weight Functiond WF andGWF). The
LWF L(i, j) represents the weight of teriin documentj, while theGWF G (i)
expresses the weight of terhacross the entire document collection. Some pop-
ular weighting schemes faSA, together with their numerical codes used in our
tables, follow (Nakov et al. 2001):

e LWF=0:L(i,j) = (z j) — frequency of term in documeny
o LWF =1: L(i, /) og(1 + x(4,5)) — logarithm

e GWF=0:G(i) =1 — tr|V|aI

e GWF=1:G(i) = 77(27‘)2 — normalised

e GWF=2:G(i) = ( )/d(i) — Gfldf

e GWF =3:G(i) = 1+ log(N/d(i)) — Idf

e GWF=4:G(i) = — Z p(i. j)log (i, j)

o GWF=5:G(i) =1+ W

where: N is the training documents count;) — frequency of term across
all documentsg(i) — number of documents containingp(i, j) — probability
(normalised frequency) of observing teirim document;.

Both GWF=4 andGWF=5 represent some kind of entromwWF=4 performed
slightly worse tharGWF=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 experiment$:x 2 x 6 x 5 = 660, for
Set4(word definitions with and without stopwords remove&iyF, LWF, LSA
dimensions), and x 2 x 6 x 5 = 240, for Set15 For each of these combinations
we tried all possible values @ffor thekNN classifier:~114 forSet4 and~670
for Setl5 Further, each possibility was tried with and without diaigl by the
rank (Nakov et al. 2003). So, f@etdwe ran1l x 2 x 6 x 5x 114 x 2 = 150, 480
single tests and foBet15we hadd x 2 x 6 x 5 x 670 x 2 = 312, 600.

The evaluation results fdBet4usingkNN with £ = 1 are summarised in
Table 1, which shows the classifier's micro-average acguvaer the 20 cross-
validation runs. Columns 1 and 2 contain tivéF andGWF numerical codes, as
described above. Column 3 shows tt&A space dimensionalityo(ig. means:
no dimensionality reduction, i.e., the original vectoaep, which is 15,438 for
raw words; 4,487 for stems etc.). Each row corresponds tataplar combi-
nation ofLWF* GWF andLSA dimensionality reduction. Columms— 8/10 — 14
summarise the classification correctness for differeniaugs of the input text:
raw, with stemed words, withlemmatised words).&ph. (lemma and phrase
together),POS(disambiguation in terms ¢#OS Column 9,phrase only gives
results when only multi-word phrases and named entitiesised as features.
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6 Discussion

The most interesting observations are:

1. The choice of weighting scheme is among the most impoftatbrs.
When the appropriate combination BVF*GWF is used (1*3, 1*5, 0*3, 0*5),
other factors such astopwords removahnd LSA dimensionality reductionbe-
come almost irrelevant.

2. Stemming and lemmatisation are almost equally good ®highly in-
flectional Bulgarian language.

3. For the best performing combinationld/F* GWF (1*3 and 1*5)the def-
inition of word becomes irrelevanNote that this might be due to the particular
task (text categorisation), and may not hold ferin general. Thus, more tests
with respect to a variety dR related tasks are needed. However, if we look at
the worse weighting schemes in Table 1, eyVF {0,1,2} andstopwords kept
we can see that stemming delivers up to 26% improvement. Siggests it
could still be important but its contribution could just ledveen obscured by the
impact of weighting. This hypothesis though fails f8et15 as Table 2 shows,
the impact of stemming is less than 1% in case of 1*3 and 1*6 (ke orig-
inal space and theSA dimensionality of 100; 100 is among the most popular
dimensionalities and proved to be among the best perforomirget15.

4. The stopwords removal makes a really dramatic differdmt@nly when
GWF € {0,1,2}. 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, theOS disambiguation performs
consistently worse than the other experiments. Even thewgyds with differ-
ent POShave different meanings, these might be close enough (@uolysso
that it is better to keep them together. This is consistett thie observations
of Krovetz that, while resolving homography is beneficigadnbiguating poly-
semy damages thR performance (Krovetz 1993).

6. Usingphrases onlys consistently far worse than stopwords removal.

7. Combining phrases and lemmatisation gives slightly owed results over
lemmatisation only, but these are still almost indistirsipaible from the ones
obtained using stemming.

8. LWF= 1 leads to substantial benefits but only whi@&wF € {0, 1, 2} with
stopwords kept. When removed, the impact is insignificahis 15 easy to ex-
plain: the stopwords are the most frequent words and theitbgac weighting
(LWF= 1) makes a big difference mostly for them.

9. Changing the number of neighboursn kNN leads to improvement but
only unless an appropriate GWF is used (e.g., 3 or 5). In therlease the results
are already fairly good for 1-NN, so there is no much spacaprovement left.
While £ = 10 was among the best performing values 8®t4 for the bigger
Set15wve obtain a consistent improvementiagrows from 1 up to 40.
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L GLSA STOPWORDS KEPT phrase STOPWORDS REMOVED
Wwdim [ raw | stem [lemma] T.&ph. [POS| only raw | stem | lemma | [.&ph. [POS]
FF

00 10 78 88 84 85 69 83 92 92 96 96 86
00 20 82 85 85 85 81 82 92 98 99 99 89
00 40 85 86 86 86 85 83 96 | 100 98 99 92
0Oorig. | 74 89 85 85 72 37 96 96 98 99 91
01 10 76 89 81 84 70 83 96 98 96 97 89
01 20 85 87 86 86 80 83 95 99 98 98 88
01 40 81 89 85 84 77 83 95 98 98 98 93
0 lorig. | 61 87 85 84 66 34 96 96 98 99 91
02 10 55 61 65 64 56 81 92 94 93 95 82
02 20 56 66 70 70 59 83 92 95 93 95 84
02 40 58 67 70 71 59 84 92 98 98 98 86
0 2orig. | 57 68 72 72 59 37 93 98 98 98 86
03 10 95 98 99 99 89 83 97 98 99 99 94
03 20 96 | 100 | 100 100 | 96 83 99 99 99 99 96

03 40 92 99 99 100 94 84 99 100 100 100 97
0 3orig. | 92 98 96 97 91 37 99 100 100 100 98
05 10 97 98 99 99 92 84 96 99 99 99 92
05 20 98 100 99 99 96 83 98 100 100 100 96
05 40 98 100 | 100 99 96 84 98 100 100 100 96
0 5orig. | 96 100 99 100 94 35 99 100 100 100 96

10 10 96 95 96 96 93 82 94 96 97 97 95
10 20 90 97 97 97 92 83 98 100 100 100 96
10 40 92 96 96 96 88 84 96 98 99 99 96
1 Oorig. | 90 94 95 95 90 33 96 98 99 99 96
11 10 92 96 96 97 90 83 96 98 97 97 94
1120 89 94 93 94 88 83 93 96 99 99 96
11 40 81 89 88 88 83 83 95 94 95 96 96
11lorig. | 62 85 90 90 80 35 95 92 96 97 88
12 10 84 89 88 89 74 81 93 96 96 96 89
12 20 87 88 88 89 76 83 94 98 96 96 88
12 40 82 88 88 88 77 84 93 98 97 97 88
12orig. | 82 93 92 92 82 40 96 98 98 98 91
13 10 97 99 99 100 98 83 99 99 99 99 99
1320 99 99 99 99 98 83 98 99 99 99 99
13 40 99 99 99 99 99 84 99 100 99 99 99
1 3orig. | 98 100 99 100 97 35 99 100 100 100 99
15 10 98 99 99 99 99 83 99 99 99 99 99
15 20 99 99 99 99 99 83 98 99 99 99 99
15 40 99 99 99 99 99 84 99 100 99 99 98

1 5orig. | 98 100 | 100 100 99 37 99 100 100 100 | 100

Table 1:Set4— micro-averaging categorisation accuracy for 1-NN

10. ForSetl5 stemming is beneficial, but the stop-words removal has an
even bigger impact. This is not obvious from Table 1 as theealare too
close to 100.00%. However, the most important parameteairetthe weight-
ing scheme: when GWE {3, 5} the impact of stemming, stop-words removal
and even of LWF is limited.

11. The categories count is another important parametargdimm 4 to 15
categories lowers the best accuracyrmw wordsandstemmingrom 100.00%
(Table 1) to 75.50% and 76.35% (Table 2).

12. Itisinteresting to compare the original vector spaaktha reduced LSA
one. These are often comparable (almost equal for e.g.,rid3%) but some-
times there are bigger differences, e.g., for 0*1, stopdsdeept, raw words:
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61.42% vs. 85.04% (LSA dim. 20). The impact is even more dtinfar
phrase onlyexperiments: for any combination of LWF*GWF the performant
LSA (for all dimensionality reductions listed) is more thance the performance
without dimensionality reduction: e.g., 33.86% vs. 84.25Phis is explained
by the fact that the average number of multi-word phrasesipenment is very
limited, and thus the documents share very few of them, whsaiot enough
to judge similarity in a reliable way. When using LSA thoughe projected
space contains a summary of the co-occurrences as well astsansitive im-
plications, observed globally across documents. So, dargh the LSA vector
dimensions are much fewer, they contain much less zero coemp® and thus
discriminate better. A similar effect (with a similar expéion) is observed for
the raw text without stop-words removal, where LSA provessistently better

(especially for 0*1 and 1*1) for all dimensionality redumntis.

L G LSA Stopwords kept Stopwords removed
W W dim [ rawtext | stemmed | rawtext | 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 org. | 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 linguisticallyivated text indexing
on IR performance shows that a better word pre-processing is exgssarily
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needed for effective retrieval, see (Spark-Jones 1998)ntit clear whether this
is due to the weakness of the linguistic analysis, which dtiés not produce a
semantically motivated concept-based representatiotheolinguistic analysis
as such is not quite relevant for text classification (Perng.e2003). The cur-
rent work allows us to gain important insights regardingrteed and the role of
the linguistic pre-processing (at least for Slavonic laaggs). Our experiments
show that while the definition of word influences tt®A performance, the tradi-
tional IR factors are even more important. It is worth mentioning ttothat the
feature engineering is both language- and task-depeneéeamnt: the stopwords
may be among the best features for other text categorisatss, e.g., language
identification or authorship attribution. In the latter easther features, like
linguistic style markers, are usually even more important.

Our experiments show that the word definition becomes alrinedevant
once we stick to topic identification, limit ourselves to tieg-of-words model,
work with only few well-separated categori€3ef4 and use the best weighting
schemes (e.g., 1*3 and 1*5). In case of more and less disthgd classes
(Set1$ both stopwords removal and stemming become importariaiadih still
far less than the weighting scheme). More experiments ardatkto study the
impact of lemmatisation, phrases ardSdisambiguation in the latter case.

Our future plans include evaluation of the impact of lemsstton, phrases
andPOSdisambiguation oset15and bigger collections, which would make our
experiments and results more complete. It would be alsodstiag to try using
word sensege.g., with respect to some semantic network) instead ofvthrels
themselves, but the bad performance ofRisdisambiguation above leaves us
sceptical. Another reason for scepticism are the negatsudts already obtained
for English: using WordNet senses did not lead to a significaprovement on
the Annotated Brown Corpud&ehagias et al. 2001). The problem with the latter
work (as well as with theeOSdisambiguation above) though, may be that, in
addition tohomonymythe polysemyhas also been addressed. This is just the
contrary to what stemming does. Two other important parareetre missing
from our study:choice of similarity measurandfeature selection Both have
been found important for text categorisation. It is alsotivarying other classi-
fiers, e.g., Rocchio, Naive Bayes, decision trees etc.

Finally, we would like to consider othé&R tasks in an attempt to better under-
stand whether the appropriate word definition is more ingoarfor the classic
IR than for text topic identification. This would also allow wsgerform a com-
parison with a recent work by Peng et al. (2003), who show tkatg simple
language- and task-independent character-level (as edposvord-level) mod-
els can achieve state of the art results on a variety of tassdication tasks.
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Abstract

Cross-lingual Document Similarity calculatio€l(DS) is useful for the
navigation of large multilingual document collections &od clustering

and classifying documents together independently of theiguage. We
achieveCLDS by mapping documents onto the multilinguallROVOC

thesaurus, which will soon exist in 21 languages, and byessmting each
document in this multilingual vector space so that the sirtil of texts

written in different languages can be calculated. An evaunashowed
that the system successfully identifies document transigtin a large text
collection. To adapt the method to the analysis of large itmgtal news

collections, we combined the mapping with cluster analgsid named
entity recognition.

1 Introduction and motivation

In recent years, companies and academia have developegtanlanber of mul-
tilingual text analysis tools. The number of existiogss-lingualapplications,
however, is very limited.Cross-lingual applications e#ith links between texts
written in different languages or give information in onedaage on a text
written in another language. Most cross-lingual efforts emrrently spent on
Machine Translation and Cross-lingual Information RetlgcLIR), i.e., mul-
tilingual retrieval of documents following a monolinguaasch. As the need to
access and analyse multilingual document collectionséretiropean Commis-
sion Q) is high, theec's Joint Research CentreRC) has worked on another
type of cross-lingual applicationCross-Lingual Document Similarit§cLDS)
calculation. It allows to establish, for any given documpair written in any
of the eleven official languages of the European Uniuw)(to what extent the
two documents are similar. Two texts that are translatidreaoh other have a
very high similarity; two documents about the same subjectautomatically be
identified as being similar, and two texts talking about ctatgty different sub-
ject areas are recognised by showing a very tawws value. Similarity values
do not differ significantly for texts written in the same ordiiferent languages.
A look at the activities of theCross-Lingual Evaluation ForuniPeters 2003)
shows that, outside th®Rc, CLDS is not an active research area.

CLDS can be used for several purposes: Users that have identifiedea-
esting document may want to read more documents about thes#ject area.
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They may be particularly interested in reading informattout the same sub-
ject or event irdifferentlanguages, for instance when analysing the news report-
ing in different countries about the same subject. In ansating, the aim may
be to identify similar texts in order tavoid reading more texts about a known
subject so as to concentrate on documents covethmgysubjectsCcLDS can also
be used for multilingual document clustering, i.e., grawgpdf similar documents
written in different languages, or for multilingual documelassification, i.e.,
assigning documents written in different languages to #mescontent classes.

Our approach teLDs is based on the automatic mapping of documents onto
the fine-grained multilingual classification schemerRBvoc (Eurovoc 1995),
which is used by many parliamentary documentation centrésurope. The
mapping process onto the several thousan&®/oc classes, which was de-
scribed in detail in Pouliquen et al. (2003a), consists eftdying a ranked list
of the 100 most pertinent content classes (descriptorsprdar to identify the
best descriptors to represent document contents, we desisassociative sys-
temthat learns large lists of words that are associated db dascriptor term
from a training collection of texts to which descriptors Hmebn assigned manu-
ally by professional library indexers.A large overlap ofesdriptor’s associated
words and the words of a text indicates that the descriptof $some relevance
to the text.

Section 2 discusses related work. Section 3 briefly desctiie BJROVOC
thesaurus and summarises the mapping process, as well ahalenges we
had to face. Sections 4 and 5 provide details on the way welleddoCLDS
and describe how we appLDs 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 mostlaindiocument to
a given one. In Pouliquen et al. (2003b), we therefore ¢ests by verifying
whether the system successfully identifies the translaifom given document
as the most similar one amongst up to 1600 different docwsndntthe same
publication, we refer to a number of different approachesli¢émtify document
translations. However, unlike our own more semanticaligrded approach,
these mainly use information such as formatting featuraggraph length in-
formation,HTML anchors, etc. These approaches are thus restricted toethe id
tification of translations and are not suitable fabs calculation.

We are aware of one approach that can be usedios calculation: Lan-
dauer & Littman (1991) applied cross-linguatent Semantic Indexingsi) to
text segments, i.e., smaller parts of a text. The basic fomatf cross-lingual
LS is to analyse a training set of parallel texts statisticadlglerive a common
vector space representation scheme for all the words in itimglal sample.
Each piece of text in either of the two languages can then fresented using
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this same bilingual vector space so that a cosine similadtye can be calcu-
lated for each document pair in these two languages. In Lasrd& Littman’s
evaluation on a collection of 1,582 English-French paradet paragraphs, the
average similarity of the translation pairs was 0.78. Thkgstem managed to
find the French translation as the most similar text to a gimeglish paragraph
in 92% of all cases (92% precision), which is a good resulth@ugh the_si ap-
proach is rather different from our thesaurus-based oeeetbults achieved are
very similar to the ones we achieved. The advantage of Lard&au.ittman’s
approach is that their system can theoretically be traioedry language pair or
set of languages, while our own is limited to the languagesvfich EUROvVOC
and pre-indexed training material exists. The advantageuofown approach
is that it is more modular and that no language-pair specdioing is required
because BrRovoc provides the link between the languages once the desaiptor
have been assigned. This is particularly important in osecas we currently
work with eleven languages (55 language pair combinatfjoagd are aiming
to cover all 21 future official languages of the European d(240 language
pair combinations!). Landauer & Littman’s approach needisaining each time
a language is added or the training set changes. Anothentadeof our ap-
proach is that the representation of texts by their most@pjate EUROVOC
descriptors fulfils many more uses tharps calculation. These include subject-
specific summarisation, conceptual and cross-linguakimgefor human users,
and automatic annotation of documents for the Semantic \Riebliguen et al.
2003a).

3 Mapping documents to the EUROVOC thesaurus

EURovoOcCis a hierarchically organised controlled vocabularythas weveloped
and is used by the European Parliament and many other niatindanterna-
tional organisations in and outside the European Uni),(for the classifica-
tion, search and retrievalof their large multilingual domnt collections (Eu-
rovoc 1995). Currently, the cataloguingis a manual (ietzlial) process that
requires 15 to 20 minutes per documentiRBVOC is currently available in the
eleven officialeu languages, with an additional ten language versions ingprep
ration. Its 6075 descriptor terms are organised into 21ialtd hierarchically
structured with a maximum depth of eight levels. Availalgiations are broader
terms @T), narrower termsNT) and related termsrf). Due to its wide cov-
erage represented by the relatively small number of descsipthe descriptor
terms are mostly rather abstract multi-word expressi@isihe unlikely to be
found verbatim in the texts. EROvVOC examples ar®ROTECTION OF MINORI-
TIES; FISHERY MANAGEMENT andCONSTRUCTION AND TOWN PLANNING

The procedure of mapping texts written in different langesagutomatically
onto the multiingual BEIROvOC thesaurus is described in detail in
Pouliquen et al. (2003a) so that this process will only bectled here. It is
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not possible to base an automatioOVOC thesaurus descriptor assignmenton
the actual occurrence of the descriptor text in the docurbenause the lexi-
cal evidence is weak and even misleading: The descriptbot®urs explicitly

in only 31% of documents manually indexed with this desoripOn the other
hand, in approximately nine out of ten documents, the detsariext is present
explicitly even though the descriptor itself had not beesigised manually. Bas-
ing the assignment on the presence of the descriptor tekieimldcument thus
leads to low recall(31%) and precision(7%) values.

For this reason, we have taken another, fuzzy approach.aebraescriptor,
we automatically produce its profile, i.e., a ranked set ofdsdhat are statisti-
cally related to the descriptor, so that we have more lexdealenceat hand that
indicates that a certain descriptor should be assigneddgta As these words
are statistically, but not always semantically related refer to these pertinent
words as descript@associatesVe produce these associate lists on the basis of a
large collection of manually indexed documents (iaéning se), by comparing
the word frequencies in the subset of texts that have beexéttmanually with
a certain descriptor with the word frequencies in the wh@aing set. For the
comparison, we use a combination of Dunning’s statistagllikelihood test (or
G?) to reduce the number of words to be considered (dimensipmatiuction)
with filters and variousbF (Inverse Document Frequency) weightings (Salton
& Buckley 1988). This method automatically produces lidts/pical words for
each descriptor and information on the degree with whickeleords are typical
(their weight). The 16 most important associates for theig®r WILD LIFE,
for instance, are: wildauna 15; flora 14; wilchird 11; wild_animal 10; natu-
ral_habitat 9; wildlife 9; endangespecies 8; species 6; conservation 6; wild 6;
fur 5; humanetrap 5; specimen 5; trap 5; trapping 5; repopulation 5. Aisgec
lists are between 10 and 400 words long.

Before applying any statistical procedures, we carry outesaninimal lin-
guistic pre-processingin order to normalise all texts: \Wm@rmatisetexts so as
to work only with base word forms, and we mark up the most fesgjicom-
poundsin our training set. There is also a large list of stopdw, i.e., words that
should never be associates because they are not meaningful.

When we want to index a new text automatically witbfoOvoC descriptors,
we make a statistical comparison of the frequency list deitsmas with the as-
sociate lists of all descriptors to check which associats kire most similar to
the text's lemma list. The most similar associate listspading to some statisti-
cal similarity measure, indicate the most appropriate tiigse terms. The result
is thus a long ranked list of BBROVOC descriptors assigned to this document.
Typically, we keep the highest-ranking 100 descriptorse &ample 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 Vetg@ifice
Mission to Austria’ web document

shows the assignment results of a document found on theatfer

To speak with text classification terminology (Sebasti&¥9), the mapping
of texts onto the BROvOC thesaurus is a category ranking classification task
using a machine learning approach, where an inductive psbedds a profile-
based classifier by observing the manual classification oairirig set of doc-
uments with only positive examples.For eachRE&vocC descriptor, we built a
category profile consisting of a set of lemmas and their weignlike usual
classifiers, the system does not decide against the aparepeiss of a class.
Instead, it produces long ranked lists of more or less relkegkasses for each
document. This representation is more suitable for docasiamlarity calcula-
tion.

Specific challenges of theUrovoc assignment task are: (1) the training
documents are multiply classified; (2) due to some frequestidptor combi-
nations in the training material (e.gQWAURITANIA andFISHERY AGREEMENT),
it is at times very difficult to establish different profilesrfsuch descriptors;
(3) the amount of training material for the various desaoniptis extremely un-
even, ranging from 0 and 2964 training documents per dascrigth an average
of 73 documents per descriptor and a standard deviationlf(43for most de-
scriptors, the training set contains only a few positivenegkes, whereas there
are about 30000 negative examples,i.e., all documente/dranotindexed with
the descriptor; (5) the descriptor usage distribution isvem over the different
text types of the training collection so that text type-sfiedeatures interfere
with content features.

According to Sebastiani (1999), the k-nearest-neighbaunj approach
tends to produce best document classification results. oAth we have not
tried this approach, it does not seem computationally eiablapply it to our
training set of over thirty thousand documents, and we dthditit would be
the most appropriate technique for our multi-class caiegtion problem. Un-
published experiments in which we trained Support Vectochiizes 6vms)

! 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 petuRovoc descriptor) produced rather bad re-
sults. However, first results in ongoing experiments ongisinm classifiers
to eliminate wrong hits in the list of BROvOC descriptors produced with the
method described in Pouliquen et al. (2003a) are very piagisThe method
used is language-independent.It has been applied to abrelefficial Eu lan-
guages with very similar results, but the parameter settiraye currently only
been optimised for English and Spanish, and to a lessereégré&rench. We
hope to soon be able to map documents in some oEth& new languages to
Eurovoc.

The system was trained on 30231 texts and it was evaluatedcomple-
mentary test set of 590 representative, but randomly chiesgés. The descrip-
tor assignment was evaluated against the annotation of éywarate indexing
professionals. The precision achieved for the eight higreeting descriptors
assigned automatically (eight was the average number afigess assigned
manually) was 67% (F-measure=65). This is 86% as good astifireannotator
agreement of 78% (67/78=86%).

4 Calculation of cross-lingual document similarity

Each BurRovoc descriptor is identified by a numerical code and has onao-0
translations into the various languages. Texts can be septed as a vector
consisting of the ERovOC descriptor codes assigned to them and their assign-
ment score. Two texts can then be compared with each othexlbylating the
cosine similarity between the two descriptor vectors. Tiyhdr the similarity
value, the more similar the texts. The similarity measuredimcuments is the
same, independent of the document languages. Table 2 shewsotrds (the
associates) found in the news clusters in all five langudgedriggered the &-
ROVOC descriptorPOLITICAL COOPERATION This descriptor was one of the
most important descriptors out of many that helped to idiethie related news
clusters across the five languages.

The performanceof theLDs was tested on a parallel corpus of 820 English-
Spanish document pairs. The task was to search for the mo#aisSpanish
document for each English document. If the translation wasraatically iden-
tified as the most similar document, the experiment was densd successful,
otherwise it was a failure. The experiments, which were rilesd in detail in
Pouliquen et al. (2003b), showed that the system succhssfentifies the trans-
lation within the search space of 820 documents in over 908t chses. When
also using document length as a feature, the performancaugde 97%. Perfor-
mance drops to 77% in a bilingual search space (searchirtgdanost similar
document among the Spaniahd the English documents) because the average
document similarity between the translation pairs is Oi&3, significantly be-
low 1. However, we were able to fully recover the performahgepunishing
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GERMAN  ENGLISH SPANISH FRENCH ITALIAN

irak nato otan irak nesuna

08 summit irak moyen ruolo
gipfel chirac alianza 08 intesa
nato iraq atlantica orient nato

rolle united cumbre réeformes g8

island debt implicacion  dette rimandata
sea middle miembros région popolo
prasident iraqi funcionario pays iraq

us g8 rusia divergences iracheno
einsatz syria chirac dirigeants incontro
initiative  east iraqui partenariat  georgia
schulden democracy polonia sommet accordo
staats countries  francia soutien presidente

Table 2:Lists of associates found in the news clusters of Figure fittlgggered
the EUROVOCdescriptorPOLITICAL COOPERATION

the monolingual document similarity score with the multiption factor 0.83.
ThecLDs results are thus clearly much better than thirBvoc descriptor as-
signment results themselves, even thouglcites is based on the automatically
assigned descriptors. The reason presumably is that assigrconsistency is
more important than assignment accuracy.

5 Application to multilingual news analysis

We applied theLDs calculation method to automatically establish links betwe
news articles in the five languages English, German, Fre3mdmish and Italian
of a large in-house collection of newspaper articles andsneires. The collec-
tion was compiled by therCs Europe Media Monitosystem EmMM; Best et al.
2002), which gathers about 15000 news items per day (of vatolat 3000 writ-
ten in English) in currently fifteen languages. Ttes evaluation in Pouliquen
et al. (2003b) shows thatLDs performance is best for the type of documents
on which the system has been trained, and that it decreasiesh&idegree in
which the text corpus differs from the training corpus. Wentdd have access
to a parallel corpus of news articles to carry out a quantéaest on this text
genre, but an intuitive evaluation of descriptor assignmesults to individual
news articles showed thatURovoc indexing for news items is much less suc-
cessful. The reasons for this may either be that the newdesrtare too short to
give enough lexical evidence on which to base the assignmetite vocabulary
used in news reporting differs too much from that of the pankntary and legal
training texts. To overcome this text genre problem, we ntagechanges to
the original task of establishing cross-lingual links be¢w news items: (1) We
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additionally use named entities in tkse DS process and (2) we appLDs to
cluster®f news items rather than individual news feeds.

Using hamed entities (references in text to people, gebgrapplaces, organi-
sations, etc.) was shown to be useful to improve the restitsi® (Friburger &
Maurel 2002). The relevance of named entities is partibuiarportant for news
analysis,as was shown by Clifton et al. (1999), whose (mngoal English)
TopCat system identifies the major news topics of the dayedaxclusively
on named entities. We do not have access to general namégregtgnition
software, but we do have an in-house system to automatiickhtify and dis-
ambiguate references to geographical place names(lgaht2203, Pouliquen
et al. 2004). In our currentLDS approach for news items, similarity based on
geographical references contributes with a weight of oind,ttvhile cLDs 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 Okuyamal6], 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 imlicacion 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 Uber Irak-Politik

64% in Italian  G8, Bush-Chirac: nessuna intesa su ruolo Nato in Iraq

e 85% day - 1 Leaders call for NATO role

e 40% day - 4 Bush Looks Past Differences With France
e 41% day - 5 Bush Calls Terror ‘Challenge of Our Time’

Figure 1:Automatically identified English news cluster consistihd®articles. The
system automatically produces a list of all articles and @fgen names mentioned in
these articles. The hypertext links show the related dlsistESpanish, French, German
and Italian news, as well as related news published andetedtover the previous days

The clustering of news items according to the discussed evesubject is done
using an agglomerative hierarchical method (Jain & Dub&8)19We identify

groups of news items by selecting the clusters that have @asity of 50% or

more in the clustering tree. We furthermore impose that it af the subtree
has to contain at least 0.6% of all articles in this language, that the articles
come from at least two different news sources. These thigshere chosen in
an empirical refinement process because they group sinmtialea satisfacto-
rily while doing well at distinguishing news clusters frorther similar clusters.
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Thirdly, they produce an average of about ten major newsaisiper language
and per day, which is more or less the number of news storgrs usthe Euro-
pean Commission requested for an automatically generaidws overview.
Links to the news clusters of the previous or following dagesthen established
by calculating the similarity of thelustersof each day with each other. For each
cluster, we also identify the centroid and identify the neticle that is most
similar to this centroid. lIts title can then be used as tHe tdr the cluster and
users can read the chosen article to get informed about thecsuwhile links
to the other articles of the cluster are available in casesusant to read more
about the event (see Figure 1). For each cluster, a mapisatitally generated
to give an overview of the geographical place names merdiamehe whole
cluster (using the methods described in Pouliquen et ad 200

Clustering the news of the day in five languages, identifyireggeographical
references, generating the maps and assignigoizoc descriptors currently
takes about one hour on an average desktopEstablishing links between the
languages and with the other days of the week is very fast andbe done
online, if needed. There is no obvious quantitative way tdate the clustering
and cross-lingual linking process, but from the applicatod user satisfaction
points of view, the method works very well.

6 Future work

The results of the automatic clustering and the cross-&hagnd temporal linking
of news clusters are currently being incorporated withghle1 system (Best
et al. 2002) in order to automatically generate daily newsraews for each
day of the year in each of the languages covered. It is platmedtend the
effort to all eleven officiaEu languages. We would also like to integrate further
named entity recognition tools, because at least datesam#s of people or
organisations would contribute valuable clues for newstelting and even for
cross-lingual linking.

The current clustering and cluster-linking system is faog©n themajor
newsof the day, i.e., those news that generated most nems.itln a parallel
effort, theJrRCs EMM and Language Technology groups are workingooeak-
ing newsletection. Breaking news are different from major news at they are
about newunexpecteavents, such as a volcano eruption, a sudden flood or a
terrorist attack. Breaking news are in principle identifgabecause they should
form a new cluster without any links to previous days. Whigatting new clus-
ters for a day is trivial, detecting breaking news for a serdiine window of an
hour or less still represents an unsolved challenge. Eskébg links between
breaking news clusters in different languages will help isgidguish 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 elipgsolution,
there has been very little empirical, corpus-based workt.oifis paper
describes work done on the detection of instances of VerageHEllipsis,
using machine learning techniques. The goal of the systemtis robust,
accurate and domain-independent.

1 Introduction

Ellipsis is a linguistic phenomenon that has received derable attention, mostly
focusing on its interpretation. An example of Verb Phradip&ik (vPE)?, which

is detected by the presence of an auxiliary verb without b pérase, is seen in
Example 1.

(1) John read the paper before Bill did.

Insight has been gained through work aimed at discerningrib@=dures and the
level of language processing at which ellipsis resolutakes place. Such work
has generally resulted in two views: syntactic (Fiengo & M&p4, Lappin &
McCord 1990, Lappin 1993, Gregory & Lappin 1997) and senecgialrymple
et al. 1991, Kehler 1993, Shieber et al. 1996). Both viewsliheir strengths
and weaknesses, but they have so far not been validated aisiogous based,
empirical approach, meaning that their actual performasaaknown. Further-
more, while these approaches take difficult cases into atcthey do not deal
with noisy or missing input, which is unavoidable in real applications. They
also do not allow for focusing on specific domains or appiace, or different
languages. It therefore becomes clear that a robust, higiapproach is needed.
Furthermore, they usually do not deal with the detectionligfteal sen-
tences or the identification of the antecedent and elidedsel within them,
but take them as given, concentrating instead on the résolot ambiguous or
difficult cases.
This paper describes the work done at the stage of the dmteatielliptical
verbs. After a heuristic baseline is built, a humber of maeHearning algo-
rithms are used to achieve higher performance.

' We have chosen to concentrate on VP ellipsis due to the fatittis far more common than
other forms of ellipsis, but pseudo-gapping has also beelnded 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, uolmnowledge, is
Hardt's (1997) algorithm for detectingPE in the Penn Treebank. It achieves
precision levels of 44% and recall of 53%, giving an F1 of 488itng a simple
search technique, which relies on the annotation havingiftled empty expres-
sions correctly. It should be noted that while Hardt's resare low, this is to
be expected as his search in the Treebank is achieved byhtpédi a simple
pattern: ¥P (-NONE- *?*)). Such low performance can lead to incorrect conclu-
sions being drawn through analysis, so it becomes cleaathaiitial stage with
higher performance is necessary.

2.2 Experimental method and data

The British National CorpussfC) will be the corpus used for initial exper-
iments. The gold standard was derived by marking the positiocsentences
where an elided verb occdrs The performance of the methods is calculated
using recall, precision and the F1-measure

A range of sections of thenc, containing around 370k wortlsvith 712
samples ofvPE was used as training data. The separate test data consists of
around 74k wordswith 215 samples of/PE. The sections chosen from the
BNC are all written text, and consist of extracts from novelgphiographies,
scientific journals and plays. The average frequencyre occurrences for the
whole data is about once every 480 words, or once every 32rsee8.

2 Currently only one annotator is available, but this will leenedied as soon as possible.
3 Precision and recall are defined as :

No(correct ellipses found

Recall = - -
cca No(all ellipses in test

@)

No(correct ellipses found
No(all ellipses foundl

@)

Precision =

The F1 provides a measure that combines these two at a 11 rati

_ 2 x Precision x Recall

Fl= ©)

Precision + Recall

4 Sections CS6, A2U, J25, FU6, H7F, HA3, A19, AOP, G1A, EWC, FRST
5 Sections EDJ and FR3.
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2.3 Baseline approach

A simple heuristic approach was developed to form a baselihe method takes
all auxiliaries as possible candidates and then elimirtatgs using local syntac-
tic information in a very simple way. It searches forwardshivi a short range
of words, and if it encounters any other verbs, adjectivesing, prepositions,
pronouns or numbers, classifies the auxiliary as not ethbtilt also does a short
backwards search for verbs. The forward search looks 7 wairdad and the
backwards search 3. Both skip ‘asides’, which are taken &nipgpets between
commas without verbs in them, such as : “... papers do, hawsvew ...".
The algorithm was optimized on the development data, anikeeh recall

of 89.60% and precision of 42.14%, giving an F1 of 57.32%. ntest 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 acceptablejegiled to inves-
tigate the use of machine learning techniques. Transfaom#iased learning
(Brill 1995) was chosen as it is very flexible and a powerfakténg algorithm.

Generating the training samples is straightforward fos thsk. We trained
the u-TBL systeni (Lager 1999) using the words ardstags fromeBNC as our
‘initial guess’. For the gold standard we replaced the tagsedos which are
elliptical with a new tag,VPE'.

2.4.1 Generating the rule templates

The learning algorithm needs to have the rule templates ichwih can search
specified. A combination of templates, with permutationsin§le or groups of
tags in the 3 word neighbourhood were used. We would havd tikeise larger
contexts, and finer permutations, but the number of perioutagets too large
for the learning algorithm, which runs out of memory.

The results seen in Table 1 are obtained, where the threstbie value new
rules need to satisfy in number of improvements, or the &lgorstops learning.
Lower thresholds mean more rules are learned, but alsocasesethe likelihood
of spurious rules being learned, i.e. recall increasesatatcost 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 learning

% 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 sjotdere are only
around 700 elided verbs in it. The scarceness of the dataslithé perfor-
mance of the learner, so a form of smoothing which can be pwrated into
the transformation based learning model is needed. To\aliids, auxiliaries
were grouped into subcategories wBx’, ‘ vDX’ and ‘VHX’, where ‘VBX’ gen-
eralises overveB’, ‘' VBD' etc. to cover all forms of the verb ‘be’yHXx’ gener-
alises over the verb ‘have’ angdbx’ over the verb ‘do’.

The results of this grouping on performance are seen in fabites seen that
both precision and recall are increased, with F1 incredsyngnore than 5%. It
may be noted that modifying the rules learned does not chitwegecall for this
experiment, but this is a coincidence; while the numbergraeame, 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 leai

To further alleviate the data scarcity, we then grouped @ileries 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 recallrereased, with F1
increasing by more than 8%. These experiments suggesbtttheftask at hand,
the initial POstag distinctions are too fine grained, and the system beffiefits
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 Tablénd first column
shows the score of the rule, which is how many correctionsaitlento resem-
ble the gold standard more. The second column is which tagjsainges, and
the third column what tag it changes them into. The last colimdicates the
conditions for the rule to be applied. The rules which arerled by the system
are quite simple, such as ‘[He laughed], did/didn’t he ?1€ri¥2), ‘[He] did so’
(rule 5).
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Rank Score Change to if
1 150 VPX  VPE tag[1]=XXO0 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 basadning

2.5 Maximum entropy modelling

Maximum entropy modelling uses features, which can be cerpb provide

a statistical model of the observed data which has the higiossible entropy,
such that no assumptions about the data are made. Thesesndiiftkl from

the transformation based learning algorithm describeckatian 2.4 in that a
probability is returned as opposed to a binary outcome, ambtproduce easily
readable rules likesL. Ratnaparkhi (1998) makes a strong argument for the use
of maximum entropy models, and demonstrates their use irriatyaf NLP
tasks. The OpewLp Maximum Entropy packadevas used for the experiments.

2.5.1 Feature selection

The training data for the algorithm consists of each verthandorpus, it$0s
tag, the words andostags of its neighbourhood, and finally a true/false attebut
to signify whether it is elliptical or not.

Experiments with different amounts of forward/backwarahtext give the
results seen in Table 5. The threshold for accepting thdtsefar a potential
VPE were set to 0.2, or 20%; this value was determined by exagni@sults.

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 iotesproblems. This
is due to the fact that the contexts do not allow for the kindyeheralization
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, experisarg run to determine
the correct setting for the threshold. This value is usectterthine at what level
of confidence from the model a verb should be consideneriEa

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 expectede plglcision increases.
F1 peaks at 0.25, which is close to the initial guess of 0.2e fHtt that this
value is so low is expected to be due to the size of the corpossibsequent
experiments, a threshold of 0.2 will be retained, for coriguer 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 sec#.4.2, the effects
of category grouping are investigated, with the results seéable 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 nmanim entropy is less
than that for transformation based learning; 4% comparé¥io Furthermore,
seen from the perspective of error reduction, grouping gigs a 15% reduc-
tion for maximum entropy, while transformation based l&agrgets a 25% error
reduction.
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2.6 Decision tree learning

Decision trees, such a3 (Quinlan 1986) and C4.5 (Quinlan 1993), contain
internal nodes, which perform tests on the data, and fotiguhe result of these
test through to the end leaf, gives the probability distitiuassociated with it.
These methods have the advantage that they automaticsdlsirdi any features
that are not necessary, can grow more complicated teststfretests (features)
given, and that the resulting trees are usually human réadab

2.6.1 Data decimation

The C4.5 algorithm works in two steps: first, a large tree isstaucted that cre-
ates simple rules for every example found, and second, mererglized rules
are extracted from this tree. Running both parts of the #lyor C4.5 (sta-
tistically correctly) deduces that the best rule to leartha there is no need to
recognizevpPes, and everything is non-elliptical, as this results in anly.4% er-
ror overall. This fits with C4.5’s design, which is to not dfietlata, and produce
few, general rules.

It was only possible to get results from the algorithm by reing non-elided
samples from the training corpus, to artificially weigh elidsamples, and only
running the first part of C4.5. Discarding every 20th samywi#h full grouping,
precision of 79.39% and recall of 60.93% is obtained, gidnd-1 of 68.94%.

2.7 Memory-based learning

Memory based learning is a descendant of the claskibiarest Neighbour ap-
proach to classification. It places all training instaneesiemory and classifies
test instances by extrapolating a class from the most gdinmtdances. It has
been used for a variety ofLP tasks, and the technique is meant to be useful for
sparse data, as its feature weighing produces smoothieggefiWe used TIMBL
(Daelemans et al. 2002), training it with the same data usetthé maximum en-
tropy and C4.5 experiments.

Table 8 shows the results obtained. Again, a context size git/é&s 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 fomBL
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2.7.1 POS grouping

Using the same principles for smoothing introduced in sec?.4.2, the effects
of category grouping are investigated, with the result;m seelable 9, gives a
2% increase in F1 over non-grouped data, for a context side of

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 groupedBL

It is interesting that whilevBL achieves higher results for non-grouped data
than the other algorithms, it is also the one to benefit thst lsEam grouping,
suggesting that grouping is more useful for generalizitggrthan it is for pattern
matching.

2.8 Combining algorithms

As the different algorithms tested produce results witfiedi#nt characteristics,
their results can be seen as refined features. The basajiowttain, for exam-
ple, has high recall but low precision, while the oppositédhdrue forTsL.
Experiments were conducted to see if using their resultgeatsifes, alongside
the words and theipos 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 8271 71.08 76.45 78.03 73.24 75.56
+T 71.02 7450 7272 69.15 80.87 74.55
+BT 76.16 75.46 75.81 75.23 78.53 76.84
C45 60.00 79.14 68.25 60.93 79.39 68,94
+B 4112 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 7757 77.20 77.38 76.63 75.57 76.10
+T 75.70 7751 7659 7429 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 peodignificant
gains, with the highest F1 produced at 77.4%vBL, using just the baseline or
the baseline plusBL.
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It is interesting to note that the contribution of baselieatfires andasL features

are about the same for Maxent am@L, with baseline features giving better
results. Maxent an#BL produce balanced precision and recall scores, despite
the differing natures of the added data. This suggestshibgtdon't generalize,
even toTeL which is quite precise, and learn rules to augment it. On thero
hand, when givemsL 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@lighms have been con-
ducted on the task of detectinpE 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
C45 60.93 79.39 68.94
MBL 76.16 73.75 7494

Table 11:Comparison of algorithms

It must be noted that the results achieved are limited byréiaing data size,
which had to be kept to 370k words due to problems encounteitedhe ;- TBL
learning algorithm. This has also meant that for tlse experiments, as wide
a range of contexts as was expected could not be used. Thigraiata size
could have been increased for the other algorithms, but wancomparison
purposes.

AugmentingMmBL with the baseline results produces a 77.4% F1. This gives
a 19.6% increase over our baseline, and a 29.4% increaseHavet's results,
although they are not directly comparable due to the diffecerpora used.

The results so far are encouraging, and show that the agptaken is ca-
pable of producing a robust and accurate system. Future witirkoncentrate
on using parsed data to investigate the effect of the extoarration on perfor-
mance, and increasing the training dataset.
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HPSG-based Annotation Scheme for Corpora Development
and Parsing Evaluation

KIRIL IV. SIMOV
Bulgarian Academy of Sciences

Abstract
This paper proposes a formal framework for development apbbitation
of a corpus, based on the HPSG linguistic theory. The formalasenta-
tion of the annotation scheme facilitates the annotatioegss and ensures
the quality of the corpus and its usage in different apgbecascenarios.
Also, evaluation over HPSG annotation scheme is discussed.

1 Introduction

This paper proposes a strategy for the construction of auspipased on the
HPSG (Head-driven Phrase Structure Grammar) linguistic théeeg Pollard &
Sag 1994). The annotation scheme for the corpus is formalfiped in a for-
malism forHpsGand reflects the developments in the theory. Thus our aplproac
tries to incorporate both - the language theory and the lyidgfformal assump-
tions. It has the following important advantages: (1) By asing constraints
over theHpsGderived annotation scheme, the annotation process basooime
efficient; (2) It supports the definition of validation thezs, which encode more
consistently the otherwise informal annotation guidedin®) When the annota-
tion scheme is changed at some later stage of the corpusogevent, the pre-
viously annotated sentences can be reclassified with regptte new scheme
on the basis of: (a) the information that has already beendaw; and (b) the
minimal human intervention; (4) The formalism allows foffeient levels of ab-
straction over the data in the corpus. This can be very u$aftihe application
possibilities of the corpus. For example, different leagnmechanisms might
rely upon different types of information. (5) Also the indeice mechanisms can
be used for evaluating parsers with respect to such a corpus.

The work reported here has been developed within the BuBEnele project
(Simov, Popova & Osenova 2002). The main goal of the projetigthe con-
struction of anHPsGbased treebank for Bulgarian. This goal presupposes the
choice of the linguistic theory and its adequate formaiarat In our case it is
theHPsGtheory and thesrL grammar formalism that we rely upon. The choice
is motivated by the fact thatPscandsrL meet the requirements for a consistent
representation of the linguistic knowledge within the braek. Of course, there
exist other formalisms for therpsGtheory, but the comparison with them is be-
yond the scope of this paper. Note that the ideas presentedce be worked
out for other grammar formalisms as well as for other grantimeories.
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We would like to discuss briefly some often raised questioitis Kespect to the
development of a treebank, namely, the role of the linguiieory, and the re-
lation between a certain grammar and the treebank. Comeethe role of the
linguistic theory, we believe that the notion of ‘theory @mendency’ is impossi-
ble in case of detailed linguistic description, if at all.dar view, the annotation
scheme of each treebank always involves some linguistiryhespecially when
taking specific decisions on the representation of the Istgufacts and their in-
terrelation. The connection between the grammar and tréetbavelopment is
bidirectional. On the one hand, a recent survey on treebghlisillé 2003)
shows that most of the treebanks are grammar-based in theiiod sense: they
use a pre-defined grammar for the production of all the ptessdmtence analy-
ses, which later are manually corrected. The main advamtBgech a treebank
is the additional knowledge, entered by the annotator irptis-parsing phase.
On the other hand, the constructed treebanks can be usedafonmr extrac-
tion and specialization. How a treebank of this kind can h@agted for such
purposes, is described elsewhere (Simov 2002, Simov ed@2)2

The structure of the paper is as follows: Section 2 desctibe$ormalism
that is employed for the representation of #esG grammar, the corpus and
the annotation scheme. Section 3 demonstrates how thigsisrmcan be used
for facilitating the annotation process. Section 4 focumeshe reclassification
algorithm. Section 5 presents the evaluation processiddegtiscusses related
works. The last section concludes the paper.

2 Formalism for HPSG

In this section we present shortly the logical formalissri) for HPSG which
we use in our work. For full description see (King 1989). Amat form for a
finite SRL theory is defined as a set of feature graphs (see (King & Sird68)).
(Simov 2002) shows that this normal form is suitable for #y@resentation of an
HPSGcorpus and arPSGgrammar.

Y. = (S, F, A)is afinitesrL signatureiff S is a finite set obpeciesF is a
set offeaturesand.A : S x F— Pow(S) is anappropriateness functiorr is a
term iff 7 is a member of the smallest sEf such that (1) € 7, and (2) for each
¢ € Fandeachr € T,1¢ € T. §is adescription iff § is a member of the
smallest seD, such that (1) for each € S and foreach- € 7,7 ~ o0 € D,
(2) foreachr; € T andm, € T, 7w ~ 1 € Dandr % € D, (3) for each
b€ D,—d € D, (4)foreachy; € Dandd, € D, [01 Ada] € D, [0V ds] € D,
and[d; — 0] € D. Each subset C D is ansRL theory.

An HpPscgrammarl” = (3, 6) in SRL consists of: (1) a signature, which
gives the ontology of entities that exist in the universe #r@appropriateness
conditions on them, and (2) a theafywhich gives the restrictions upon these
entities. We represent grammars and corresponding senéeratyses in a nor-
mal form based on feature graphs.
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LetX = (S, F, A) be a finite signature. Aeature graph with respect ta” is a
directed, connected and rooted graph (N, V, p, S), such that: (1)V is a set
of nodes (2) V: N x F — N is a partialarc function, (3) p is aroot node, (4)
S:N— S is a totalspecies assignment functiorand (5) for eaclw, ., € N and
eachg € F, such thalV (v, ¢) | andV (v, ¢) = 1, thenS{(vy) € A(S(11), ¢).
We say that the feature graghis finite if and only if the set of nodes is finite.
A feature graphg = (N, V, p,S), such that for each node € N and each
featuregp € F if A(S(v),¢) | thenV(v,¢) | is called acomplete feature
graph. For each two graph§, = (N1, V1, p1, S1) andG, = (Ny, Vs, po, Ss)
we say that graply; subsumesgraphg, (G, C G,) iff there is anisomorphism
v Ni = N3, Ny C Na, such that (1)y(p1) = pe, (2) for eachw, v’ € N, and
each feature, V, (v, ¢) = v' iff Vao(v(v), d) = ('), and (3) for eachv € N,
Si(v) = S(y(v)). For each two graphg, andg; if G, C G; andG, C G, we
say thaig, andg, areequivalent.

For finite feature graphs, we could define a translation $®b descriptions
using the correspondences between paths in the graph ansl t€hus we can
interpret each finite feature graph as a descriptiogRn. Using the set of all
finite feature graphs that subsume a given infinite featuaplgrwe can also de-
fine the interpretation of each infinite feature graph. Thescan speak about
satisfiable graphs. For them there exists an interpretatiarhich they denote
a non-empty set of objects. Moreover, we can define a comelgpee between
the finitesRL theories and the sets of feature graphs. Thus we can repezgdn
finite theory as a set of graphs, calledraph theory representatioi his repre-
sentation has the following important properties: (1) eg&phg in the set of
graphs is satisfiable (for some interpretation the gr@ulenotes some objects
in the interpretation), and (2) each two graghsg. in the set have disjoint de-
notations (for each interpretation there is no object initfterpretation that is
denoted by the two graphs). The mentioned above propeitiss @r classifi-
cation of linguistic objects with respect to the classesefiby the graphs.

We use feature graphs and algorithms for their processitigeiiiasks con-
nected to the creation and usage of-asG corpus. Next (Simov 2002) we as-
sume that an annotation scheme overHheG sort hierarchy can be considered
a grammar. The feature graphs of such an annotation schdhtewonstrained
by the lexicon, which is available to the annotators; by thieqiples, which are
stated as a theory; and by the input sentences. As a resthie abnstraints that
follow logically from the above sources of information cam éxploited during
the annotation process.

3 Corpus annotation

The corpus annotation within this framework is based on dea iof parse se-
lection from a number of automatically constructed sergqrarses. The parses
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are constructed by the inference mechanism using the gegpégsentation of the
annotation scheme and graph encoding of the sentence. pgipizegch to corpora
development is well known agrammar-based corpus annotatioB8ee (Dipper
2000) for an example among others. Our approach differsarichmal mecha-
nisms that are incorporated within the implementation. a$sumptions, which
the annotation process is based on, are: (1) The annotatien is defined as
a set of graphs. Thus each sentence annotation has to beteansiith respect
to the logical properties of the annotation scheme. Nee&tls, the annota-
tor is not constrained too much, because the annotationeelestill general
and therefore, it will overgenerate massively. (2) The &atoo cannot simul-
taneously observe all the parses, generated by the arorostheme. He/she
has to make a choice relying only on the partial informatismgrompt for the
sentence true analysis. Hence, annotators’ work is inaneah€3) The informa-
tion, added by the user during the annotation process, gagaded further. The
propagation reduces the number of the possible choiceshar places of the
sentence analysis. Thus, the overall annotation procesgasized as follows:

(2) First, the selected sentence is processed partially. Thcepsing is com-
patible with theHPSG sort hierarchy and comprises: morphological analysis,
disambiguation and non-recursive partial parsing. As altgfie complexity of
the following steps is reduced. Note that the sentence$veeaaunique partial
analysis.

(2) The result from the previous step is encoded as feature graght is
further processed by atPsGprocessor 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 considexetassificatiorof the
partial description of the true sentence analysis witheesip the set of complete
feature graphs, produced in the previous step. The claasiiicstarts with the
information common for all complete graphs. This inforroatcontains all the
partial analyses from the first step, becauseHhsG processor operates mono-
tonically and thus, it cannot delete information. On theiba$the differences
between the complete grapés indexover them is created. This index supports
the propagation of the information, added by the annot&tttren the user adds
enough information, the partial analysis can be extendezkéatly one of the
complete graphs. If the sentence allows more than one asallie annotator
has to classify it more than once.

Next, we present the index and describe its contributiorhéoprocess of
classification of the partial sentence analysis with ressfzeall sentence analy-
ses. The idea is that the annotator states the new informaliout the analysis
as elementary descriptions of the relevant graph. The eltamedescriptions
are of the following kinds:t ~ o (the pathr is defined in the graph and the
species of the end nodeds, m # o (the pathr is defined in the graph and the
species of the end node is ngt, 7 ~ 7, (the pathsr; andr, are defined in



HPSG-BASED ANNOTATION SCHEME 331

the graph and they share their end nodes),ang , (the pathsr, andr, are
defined in the graph and they have different end nodes).

Here are some examples of elementary descriptions thas#recan supply:
“the phrase is of typaead-complemeht‘the verbal adjunct is not a secondary
predication”, “the unexpressed subjects of two relatieeises are the same”. If,
for example, the sentence also contains reflexive prondams)d to the unex-
pressed subject in one of the relative clauses, the lashalall automatically
add a binding link from this pronoun to the unexpressed sutgéthe other
relative clause.

In (King & Simov 1998) we have shown that for a set of graphgresenting
a theory, there is a set of elementary descriptions, suttetien description in
the set discriminates over the set of graphs. Thus, it isftiuat least one graph
and itis false for at least one graph. Using the last prop@dthe can construct an
index over the set of graphs. The index is a tree, such thaiities of the tree are
marked with elementary descriptions and the edges of tleeatiee 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 ofrélgedetermines
exactly one graph in the initial set of graphs. The desaisj presented in the
index, can be chosen on the basis of the graphs.

In order to use such indices for facilitating the annotapiocess, we encode
all possible indices over the complete graphs, returnedbyPsG processor.
This work is being done incrementally over the differencéshe graphs and
thus the indices share some of their parts. The index is nateain this case,
but rather a forest. This step is necessary for annotators/anience, because
it is not clear at the beginning, which information will besgao be provided
manually.

It can be proved that for a finite set of graphs there existste fildex. Stat-
ing one of the elementary descriptions in the index, the tatopalways reduces
the number of the graphs that are presented by this deserifRroviding several
descriptions, the annotator arrives at exactly one gramin the set. Thus, the
classification is performed in the following way:

(1) At the beginning all the nodes in the index are available tolmesen and
the annotator has the possibility to state any of the eleangiescriptions in the
index.

(2) The annotator decides on an elementary description abewgehtence
from the set of the allowed descriptions.

(3) The description is found in the index and the operation reddice num-
ber of the possible graphs. It also means that some of theeatamy descriptions
in the index are not eligible any more, because they will @ttt the selected
description.

(4) If the set of the possible graphs is a singleton (has only cemiper),
then this graph is a result from the classification. If thecggttains more than
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one graph, then the algorithm goes to point 2 and offers thetator to make a
new choice of an allowed elementary description.

The chosen graph is in fact the analysis of the sentenceinpjigrtant to say
that this algorithm of classification works not only over agfecomplete graphs,
but also over graph representations of firsite theories.

An additional facility for the annotator is the possibilfiyr him/her to pro-
vide larger descriptions at one step. Such descriptionresept the linguistically
motivated characteristics of the sentence. Larger degmmgpcan be considered
macros. For example, macroses are the constituent lakels#is for verbal
head-subject phrasepa for noun head-adjunct phrase etc.

As a speed measure of the annotation we consider all the segeselections
made by the annotator in his/her steps to the complete asaljise number of
the selections are in the worst case equal to the numberahalyses, produced
by theHPsG grammar. This can happen when the annotator rules out gxactl
one analysis per choice. The average number of selectiankgarithm from
the number of the analyses. An important advantage of théstsen-analysis-
approach is that the annotator works locally. Thus the nurobg@arameters
necessary to be considered simultaneously is minimized.

4 Reclassification

The need for a reclassification of already classified linguizbjects arises in
connection with the following problems and tasks: (1) Chemin the target
linguistic description of the elements in the corpus; (2)M\tasks, for which

the corpus might be adjusted; (3) New developments in thguistic theory;

(4) Misleading decisions, taken during the design phasbetorpus develop-
ment. In each of these cases, the development of a new aonosaheme is
necessary. The problems concerning such a step are welhkiwivat about the
corpus built up to now? How to use it in the new circumstancesa minimal

costs? Here we offer an algorithm for reclassification withiir formalism for

HPSG

There are two possible scenarios for the application of¢bkassification to
an already created corpus: (1) The first holds when the clsdnglee annotation
scheme are relatively small. For instance, addition of reatures, new sorts or
new principles to the initiahPscgrammar; (2) In the second case there is a sub-
stantial change in the annotation scheme. For example, letergubstitution of
the sort hierarchy parts with new ones. Of course, therea@relear boundaries
between the two kinds of changes.

Let 3,4 and¥,,.,, be two signatures and let,,; be the annotation scheme
constructed on the basis Bf,; and A4,,.,, be the annotation scheme constructed
on the basis oE,,.,,. The idea of reclassification is based on the notion of the
correspondence ruldgetween descriptions with respect to the old and to the new
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annotation schemes. The general format of these rulgg;is> 4,.., where the

do1q 1S @ description with respect ©,,;, andd,.., iS a description with respect

to ¥,.». The meaning of such rules is: for each modg} of A,,, such that

the description,, is satisfiable in it, there exists a modgl.., of A,..., such

that the description,, is satisfiable in it. Thus we consider the correspondence

rules as rules for transferring knowledge between the twm&ation schemes.
Then the algorithm for reclassification works in the follogiway:

(1) LetCR is a set of correspondence rules between the two signaliyres
andX,,...

(2) LetG,4 be a graph with respect td,,, for the sentencé. Let{G}..,, - - -,
gr...} are the candidate analyses for the senteéhagth respect to the new
schemeA,,q.,

(3) The algorithm constructs the sktD,,, of all descriptions),;4, such that
there exists a correspondence rijg = .., € CR andg,y is in the
denotation ob,,, for each interpretation ofi,;; that satisfiesj, ;4. Thus
E D,y contains all the descriptions on the left side of the cowasence
rules that are true for the graph.

(4) Then the algorithm constructs the deD,,.,, of descriptions),,..,, such
that there exists a correspondence )¢ = ey € CR andd,y €
ED,4. We consider the st D,,.,, to be the transferred knowledge from
the old annotation of the sentengd¢o the new annotation.

(5) Then the algorithm uses the g9eD,,.,, and the index for the new poten-
tial analyses for the sentencgin order to find the minimal number of
graphs from the setg.. ... ..., G". }, which satisfies all the descriptions
in ED, .

The result of this algorithm is a set of graphs. If the set ipgrit means that the
transferred knowledge is in contradiction with the new aation scheme and
cannot be really used. In this case the developers of theisdrgve to reconsider
the correspondence rules. If the set is a singleton, thequile the analysis of
the sentence with respect to the new annotation schemes sethcontains more
than one element, then the old analysis does not contairgarinformation for
a unique classification of the sentence with respect to thean@otation scheme
and some human intervention will be necessary. In fact weexpe last point
to be the majority of the cases. Nevertheless the reclestsific process will
be helpful in this case also because it will reduce the nurobéte candidate
analyses.

The two scenarios mentioned above differ from each othenlmain the
basis of the complexity of the correspondence rules. In tise dase one can
state that each old description that is eligible with resp@the new scheme is
mapped on itself. The second case will require more complicaules.
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5 Evaluation over an HPSG annotation scheme

A corpus, which is constructed with respect to this formmalisffers various op-
portunities for evaluation of parsing systems. FirstlysGas a theory describes
the linguistic objects by using both mechanisms for thegsgntation of the syn-
tactic information: constituent structure and head-ddpanstructure. Hence,
one could rely on the most of the current evaluation metilkes PARSEVAL pre-
cision and recall over bracketing and the mean number oflagweing brackets
(Harrison et al. 1991), on evaluations focusing on graneabtelations as in
(Carroll et al. 2003), or on dependency relations in (Kél&eHinrichs 2001)
and (Lin 2003). Additionally, such a corpus provides medsras for mixed
evaluation schemes where both of these inventories candae us

Another advantage of such a corpus is the high granularith@informa-
tion presented in it. This is a pre-requisite for the defimtof different levels of
degree where the evaluation process can take place. Nt $baports multi-
level evaluation processes rather than mono-level ones eX@mple, one can
work on the level of bracketing, but also she/he can view tirestituents types
as defined by the grammatical features of the head. Thus thpapular evalu-
ation approaches can be easily implemented over the sapas;de., either the
bracketing precision and recall and bracketing overlapswes, or the gram-
mar relations measures. One can even combine them in oneiregesameter
specific for certain evaluation requirements.

In order to achieve this one has to define a new annotatiomsghehich
reflects the evaluation task. Then it is necessary an agpteet of correspon-
dence rules to be defined. Afterwards the corpus is recledsifith respect to
the new annotation scheme. In most cases this process vallsiraplification
of the information that is already in the corpus, and humaariention would
not be necessary. For instance, one can keep only the infiormebout head-
dependents and delete all the information about the caestitstructure. One
important point here is that the deletion of informationas exactly transforma-
tion of the graphs that already exist in the corpus. In fdi§ is a construction
of a new corpus using the information stored in the old oner&lis no need the
graphs in the new corpus to be isomorphic to subgraphs inthene. As a very
simple example we can consider the transformation of a ddiepet attachment
(one at a time) into a flat adjunct attachment (all at once).

Another possibility is the context dependent evaluatioen&ally, this means
to mix several evaluation approaches depending on theifitiginformation in
the sentence analyses. For example, consider the case ehevaluation aims
at determining the right argument recognition for the veblog not for the prepo-
sitions. Then one can require alibs with attached to themrs to be transformed
into some flat structuredps, and keep thers 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. Usinglgréqr representation
of corpora data is presented in a number of papers of StevdraBd co-workers
(see (Cotton & Bird 2002) for applying their format to treaks). The main dif-
ference between their approach and our work is that thephgrare defined
purely in a graph-theoretical manner with some additioteed to corpus prac-
tice. In our view some logical formalism for annotation gnaps necessary in
order to ensure the consistency of the represented linguigbrmation and the
result from the operations over them. For comparison, catufe graphs are di-
rectly related to well established logical formalism whatsures the necessary
functionality for their manipulation. Also the expressp@wer of feature graphs
seems to be greater than the one of annotation graphs.

Another related work is: RedwoagPsG treebank of English (Oepen et al.
2002). The creation of this treebank uses decision treegppost the annota-
tors in the selection of the rightPrsG analyses for the sentences. This approach
is very close to our classification based on feature graph®thfer important
characteristics of their treebank is its dynamic natureis Henerally is con-
cerned with changes and new developments in the underhiggiBtic theory.
The problem is the following: when the theory changes thebaek becomes
out of date. In order to support easily the updates of thadyreepresented in-
formation one needs a mechanism for reusing of old analygbswmall amount
of work. The people working on Redwood treebank achievedban by the
means of decision trees. We can use reclassification foatie purpose.

The reclassification is also related to the approach destiito (Kinyon &
Rambow 2003) which is used for transformation of treebardmfone linguistic
theory to another. Again the difference with our approadhas we offer these
operations to be done on the basis of a logical formalismtlaadonsistency of
the result is guaranteed when the original information isscstent.

7 Conclusions

In this paper we presented a formal framework for develognoéma corpus
based omPsaGlinguistic theory. There are several advantages of suchnaafo
framework: (1) Uniformity of the annotation with respectaioHPSG grammar;
(2) Classification algorithm for facilitating the annotatiprocess; (3) Potential
for reclassification which can be helpful during the deveiept of the corpus
and during its exploitation.

One interesting side of such usage is for parser evaluattorstly, HPSG
as theory offers simultaneously representation of thetttaest structure and
the dependency relations. Secondly, the reclassificatidheocorpus can be
context sensitive and this allows for different kinds of leation for different
constructions.
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Arabic Morpho-syntax for Text-to-Speech
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Abstract

Attempts to provide text-to-speech systems for Arabic amesiclerably

hampered by the fact that written Modern Standard Arabid®migreat

deal of information about short vowels, and a certain amotiather pho-

netically relevant information. We argue that it is possitd recover this
information by exploiting a mixture of morphological, sguatic and shal-
low semantic information. To do this effectively, the varsdevels of pro-

cessing have to be carefully coordinated. We do that by dejagvaluation

of constraints for as long as possible, so that we do not expllonecessary
hypotheses.

1 Ouitline

Written Modern Standard Arabic (MSA) omits all short vowelad underspeci-
fies a number of other phonetically relevant markers. Thimmmewhat inconve-
nient if you want to build a text-to-speech system for MSAgsithe TTS cannot
produce appropriate output unless this information islakste (El-Shafei 2002,
El-Imam 2001).

The work described below forms a preliminary step on the veag TTS
system for Arabic. Our goal is to reconstruct what we willl té FULL FORM
of the short written form. This full form contains the digarimarkers which
indicate the presence (or absence) of short vowels and otivaitten material.
Mansour (2000) argues that full forms of this kind providethé information
you need in order to produce a phonetic transcription whichle used to drive
a TTS. Certainly without it there is no hope of constructinglsa system.

The problem with MSA is that almost every written form copesds to a set
of different words with different pronunciations & .. (mdrsT) could be any
of L . (madrasaT )}, Luja (mudarrisT ), Lujas(mudarrasT ), " (kth)
could be any ot_j,i? (kutub ) (noun)g,i? (kataba ) (intransitive or transitive
verb), -.5” (kutiba ) (passive of transitivezi" (kataba )), o (kattaba )

(transitive or ditransitive verb) o.r_,J (kuttiba ) (passive of either reading

! Where we write a standard written form of MSA, the transiitem is in standard italics where we include the
diacritics to show the underlying form, the gloss isfixed width font , to emphasise that it is underlying
forms of this kind that we are attempting to compute.
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of 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 tiigséorms was
intended in a given sentence.

Our problems, then, are considerably more difficult thaséhaced by peo-
ple who want to give an account of the morphology of full formabic (Kiraz
2001, McCarthy & Prince 1990), since we need an account oftitueture of
full form Arabic but we need to apply it in a situation wheréwaé have is the
written form, where short vowels and some consonants argesmi

The approach we take to the task of obtaining full form Arabards from
written MSA, then, is as follows:

1. Reconstruct the full form of each written word in isolati@elaying any
choices which the surrounding syntactic or semantic cacgaxsettle later
(Section 2).

2. Parse the text (Section 3). As you construct syntactilyaes, check that

any selection restrictions imposed on arguments or on thetsof modi-
fiers are satisfied.
As this step proceeds, choices which were left open when thdswere
looked at in isolation may be settled. We use the SICStusoBrob-
routining facilities (SICS 2002) to delay making decisiangil the in-
formation needed to settle them deterministically is aldd.

2 Morphology

The critical part of the task is the determination of the gaegull forms of a
written word. Our approach has two major elements:

e We have to determine the morphemes that make up the wordsviecad
with — what is the root, what is the vocalic pattern, what aeeaffixes?

e We have to determine the full form that corresponds to theifipeset of
morphemes that make up the word in question.

The interactions between these two parts of the processtmerintricate. For
simplicity we will describe the analysis of word structunestfi(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 sptsfof meaning-
ful elements, where there is typically a root which carries general semantic
notion underlying the word, a derivational component thelkgout a particular
variant of this semantic essence, and a number of minor elismenich carry
information about matters such as tense, number and thenadi (generally
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in the form of case markers). In many languages these elsraemsimply con-
catenated, but Arabic, like other Semitic languages, epsmonlinear mixture
of concatenation and superimposition of elements.

In the short, written form of MSA, the process of superimpgsi vowel pat-
tern on a consonantal root has very little visible effect.aféthe vowel is in fact
long then it is written, but much of the time the vowel patteamsists of short
vowels or short pauses which are not written. A great deahefinformation
that we need in order to work out what these unwritten elemenist have been
is carried by the visible affixes which make it possible tced@ine whether, for
instance, a particular word is a nominal or a verbal form, taretssign values for
tense, number and agreement.

Kiraz (2001) notes that the description of the sequence fofesfthat are
required by a given root can be described by a simple unificgirammar. It is
well known that any such grammar is equivalent to a categgraanmar using
the standard rules of categorial grammar given in Figure & follow Bauer
(1983) in using the formalism of categorial grammar, but weeed standard
categorial grammar with the second pair of rules in Figuriaése rules allow us
extra flexibility when specifying the number of affixes thajieen item requires,
whilst allowing a strictly left—right approach to morphology.

% R= RI/A, A
R(affixes=AFFIXES)
— R(affixes=[A(dir=after) | AFFIXES]), A

% R= A, R\A
R(affixes=AFFIXES)
= A, R(affixes=[A(dir=before) | AFFIXES])

% R/AFFIXES = R/A, A/AFFIXES
R(affixes=AFFIXES)
= R(affixes=[A(dir=after)]), Alaffixes=AFFIXES]

% R/AFFIXES — A/AFFIXES, R \A
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 tadwagthe constituent
structure of a typical Arabic word.

The general pattern is that a single root gives rise to a langeber of differ-
ent nouns and verbs, each of which requires a range of irdfesdtaffixes such
as tense, number, gender and case markers, possibly imctiojuwith a set of
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inflectional affixes.

In general, then, the dictionary entry for a root does specify that it is a
noun or a verb. Roots have no syntactic category assignéemo.tinstead they
alwaysrequire a derivational afff&xin order to fix the category. The basic form
of an Arabic root, then, is
{syntax=S,

affixes=[  {syntax=S, affix=deriv Hi

This says that the first thing that any Arabic root does is tolmoe with a
derivational affix, with which it is going to share all its dgotic properties. So
if the derivational affix says it's a nominal affix then the vidathing 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 lexidoak them up
as we work our way through the word, and combine them.

The problem here is that there are quite a large number ofatenal affixes
(we currently have about 75 nominal affixes and a smaller reunolb verbal
ones), many of which are either empty or appear in the writtem just as the
letter » (M), but which all give rise to a different set of diacritics. v@n that
we are working with MSA, where the diacritics are not writteut have to be
determined by the program in order to drive the TTS, we cafi'tathich version
of the derivational affix has been used in the constructiothefsurface form.
We can't tell, for instance, whether the surface form.. (mdrg was obtained

using the version af (m) which has full forms (m@ and which has the diacritic
pattern: (0)+:z (u) or the one that has full forth(mu) and diacritic pattera (a)+
z(@)or...

We do not want to have, say, 16 different prefixes all of whighearitten as
(m), where we have to try each in turn with a given root and thgalirthe ones
that the root accepts in all the syntactic contexts wherevtire is used.

We therefore have a single lexical entry for each surfacen fof a deriva-
tional affix, and we allow the root to specify which varianfstioe affix, and
hence which underlying form, it can accephe choice between different varia-
tions of the derivational affix is delayed until we know thetagtic and semantic
context in which the word is being usékhere are, for instance, sixteen nominal
prefixes that are written aes(m). Two of these combine with the rogpt > (drs),
producing 53 (mudarris ) and z53% (mudarras ).

Once the derivational affix has fixed the basic category, veel te find any
others that are required. Since the root doesn’'t know whétkgegoing to be a
nominal or a verbal form, we can hardly expect it to specifyatbther affixes
are required. Instead we exploit the freedom provided byieidL to let the
derivational affix specify what’s required next.

2 which may be empty, e.g., for pattern | verbs and for a widgeaof nouns
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We assume that Arabic nouns have gender, number and casermjakd that
Arabic verbs have tense, gender, number and person maakgref which may

be empty or missing. Nominal derivational affixes there&pecify that a gender
marker is required, so that the descriptiorn ¢fn) looks like

{form= . (m),
affix=deriv
{affixes=[  {affix=gender, dir=after HY

Similarly, we assume that verbal derivational affixes regjaitense affix to be
found, which will either be a prefix or empty. The tense affixrireturn demand
an agreement affix which will fix both number and gender, sbtha<s (ytka-
tbwn) consists of the rootus” (kth), a verbal derivational suffix (t), a tense
prefix ; (y), and an agreement suffixs (wn). The derivational suffix specifies
the subcat for the verb (in this case that it is transitive] demands a tense
marker. The one that turns up, namel{y), marks the verb as third person
present tense and demands an agreement marker, and theagreearker)
(wn) completes the description by marking it as masculine plura

2.2 Diacritics

So we now know tha 5K (ytkatbwn) is made out of four parts, which specify
its syntactic properties. What we still need is to discoteifull form uyKﬁ

(yatak atabuwna ).

We start by considering a simpler case, and concentratitigeodiacritics in
the root. Considey < (yktbwn), where the derivational affix is empty.

We know that the root has holes in it, waiting to be filled, amak the fillers
will differ depending on the derivational affix and, if it s out to be a verb, the
tense. We know that.xs”(ktb) belongs to a fairly widespread class of verbs for
which the past diacritics acga)+: (a) and the present diacritics aré0)+: (u).

We therefore encode this information in the root, and lettdmese affix select
which of the possible sets of diacritics is to be used on tbiasion.

{wlorm= _z5" (kth), uform=_5:%5" (k2tb),
presprefix=" - (a),
diacritics=(present= 2 (0)+ 2 (u), past= = (&)+ = () }

We have split théorm into two parts — the short written formform 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 appropriatdie@iacritics
specifies how the holes are to be filled in under specified wistances.
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The present prefix then selects the appropriate set of tia;rand notes that
what we have is the present tense form of the verb:

{wform=, (y), uformeX+, (y+X),

cat=verb,
presprefix=X,
diacritics=(present=PRESENT ,past=???,actual=PRESENT )}

Unifying these leads to

{wform= o< (ykth),

uform= _‘_’,\9:‘-’£+:+i (y+a+k?t?b),

presprefix=:(a),

diacritics=(present= 2 (0)+ 2 (u), past= =z (a)+ : (a),
actual= = (0)+ z (u)) }

from which it is easy to obtain the proper full forq;ﬁig (yaktubu ) by substi-
tuting the selected diacritics in order and deleting O’s &isd

3 Syntax

It seems, then, that it is possible to determine a range ddilplesunderlying
forms of a written MSA word, but that there is likely to be cresable ambigu-
ity as to which form was intended in a given context. The né $s to parse
the input text to eliminate readings of individual wordsttia not contribute to
globally acceptable readings of the whole text.

We use an HPSG-like grammar with a parsing algorithm which leen
tuned for dealing with languages where phrase order isyfainconstrained
(Ramsay 1999, Ramsay 2000). Consider the short sentence (1)

) o ol s (drs dars aldrs)

v (drs) and . 1> (dars) each have multiple interpretations 5, (drs)
has one nominal and two verbal interpretations, as dpgs(dars). There are,
therefore, nine possible combinations of underlying farnibe sentence as a
whole,y however, has just two legal structural analyse®-ette in Figure 2 and
an exactly parallel one with:ss (darrasa ) as the verb.

The only readings we obtain have one of the verbal forms.af(drs) as the
verb, .,l> (dars) as subject and,., ! (aldrs) as object (i.e., with VSO word-
order). What happened to all the other potential analyses?

e We don't get an SVO reading with. !> (dars) as verb and ., (drs) as
subject because indefinite subjects cannot occur in SVQO sedgences.
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uZj.’v(darasa ) UZjS (darrasa )
Jj:\j"(aldarsa ) JUB(darisun ) in\ji(aldarsa ) U:J‘S(dérisun )
object ~ agent object ~ agent

Figure 2 ,al )l > drs d ars aldrs.

e We don't get a VOS reading with. 1 (dars) as object and,.,.J! (aldrs) as
subject or an OVS reading with. ;> (drs) as object and,.,\» (dars) as verb
because for that to happen eitherls (dars) and ., (drs), as indefinite
singular masculine nouns, would need an explicit accusatge marker,
which neither of them has.

e We don’t get a reading with the intransitive reading pf> (drs) because
there is then no role for,., ! (aldrs).

We see, then, that we can weed out candidate forms for MSAennitords by
checking to see whether they contribute to syntacticallf-feemed sentences.
We may still have a number of analyses left, as above. If thidyage the same
phonetic transcription then we don’t need to choose betvileem, since our
task is to obtain the information required for TTS, but if we ltave to make
a choice then we rely on simple selection restrictions ofkine pioneered by
Wilks (1978).

Obtaining a syntactic analysis of the text, then, is impudrkeecause it helps
rules out many possible forms of individual words (and i a&lsicial if we want
to use information about the meaning of the utterance toietita candidate in-
terpretation, since the syntactic structure underliesémeantic analysis). Given
our task of producing the information needed for text-teesgh, however, it has
an additional role: in at least some, more formal, regist&rabic nouns have
case markers, which should be pronounced but are not written

This is problematic. Case markers are unwritten, but thededying form is
governed by a fairly complex set of constraints. The follogvwprovides a rough
summary of some of the more important rules:

e The form of the case marker depends on the case, the numbgeaddr
of the noun, and on whether the noun is definite or indefinite.

e One of the arguments of a verb gets assigned the role of subjee sub-
ject will be nominative if the verb is tensed (i.e., if it is @am sentence or
the clause containing it is governed By(>an)), and accusative if the verb
is untensed (i.e., if it is governed w (;ann) or ! (Ainn)) (Mohammed,
2000).

Nominal clauses, of course, do not have verbs, so we canyhsaiiithat
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the case of the subject is governed by the tense of the vescase of the
subject here is determined by the status of the clause as le wiidit's a
main clause or governed bj(an), then the subject will be nominative, if
it's governed byg! (;ann) or & (inn) then the subject will be accusative.

e Other arguments will be accusative (objects and auxilidnjeas) or
marked by a preposition.

e The satellite element in a construct NP will be genetive. Gdse marker
on the nucleus will have the definite form, even though thdeuscdoes
not have a definite article attached to it: this is because thstoat NP
as a whole is definite, and the nucleus inherits this property

(2) illustrates a number of these points.
(2) RO Y BN & N~ Aize] (*¢qd alkatb ;ann alkéb fy almktb)

The subject of (2) is.s&J! (alkatb). Because it is the subject of a main clause
it is assigned nominative case, and because it is mascudiivgtd singular the

underlying form becomesj,g@i (alk atibu ). The subject of the embedded
nominal sentence is, ! (alktab). Because the embedded sentence is governed
by f)i (ann), LI (alktab) is assigned accusative case, which means that its
underlying form is< E<ii (alkit ~ aba).

:\.25.}-‘ (cactagada )
Sleanny 2ol alkatiou )
scomp subject
(copula)
Sy ) Qligj“(alkitﬁba )
predication subject
H,ii:ﬂ(almaktabi )

Figure 3t 3 L K] o azel xtqd alk atb cann alkt @b
i fy almkib.
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(3) shows what happens with construct NPs.
3 SO (JL.J\ o s"(ktab alalm fy almktb)

The satellite()L.J‘ (alalm) is marked as genetive, and hence has the underlying

form JJL.J‘ (al «alimi ). The head_\s" (ktab) is the subject of the whole sen-

tence, and hence is nominative. However, although it agpedbe indefinite,
since it has no definite article attached to it, the fact thistthe head of a con-
struct NP makes it definite, and hence its underlying forrls™ (kit abu)
rather than2,is"(kit  abun) as you would expect for a masculine indefinite sin-
gular nominative.

(copula)

Sy ) &GS (ki@bu )
predication topic
;;,.ii:j‘(almaktabi ) Jj\;’ji(eﬂ alimi )

satellite

Figure 4:_xIt 3 (jL.J\ okt ab al @lm fy almktb

4 Conclusions

The system described above computes the underlying fuliddor input MSA
texts where short vowels and other phonetically significaaterial is missing
from the written form. In order to do this, we carry out thedaling processes:

e morphotactic/morphophonemic analysis, using a catelggescription of
how roots and affixedricludingcircumfixes) combine.

e slot-and-filler insertion of diacritics, where the choided@acritic pattern
is determined by the morphotactic analysis and the suriograyntactic
and semantic context.

e syntactic analysis using a grammar which deals with theeafgvord
orders that are permitted in simple Arabic sentences, aichveliso covers
the intricate case marking constraints associated withimalnsentences
and construct phrases.

e semantic analysis: this is not discussed at length in theestpaper for
reasons of space, but it is used to provide further help wshrdbiguation.

We are currently integrating the system with the MBROLA spesynthesiser
(Dutoit 1996), using the Arabic diphone set supplied by Ndwiunsi. The
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output is currently intelligible, but extremely flat. Thesttural analysis ob-
tained by the system, however, enables us to split the tekbdlly into ‘phonetic

phrases’ and locally into syllables. This work is still fgipreliminary — we can
use the system to drive the synthesiser, we can suggestpitcburs (which the
synthesiser can respond to), but it has to be said that weikhsome way from

producing natural sounding Arabic.
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Abstract

The MorphoClass system for recognition and morphologitzsification
of unknown German words is described. It learns and apptidsg guess-
ing rules, similar to those proposed for POS guessing. Tien raw
texts, it outputs the unknown nouns together with hypothed®ut their
possible stems and morphological class(es). The systessigmand im-
plementation are presented and demonstrated by meansobe eval-
uation.

1 Introduction

The efficient processing of unknown words is a primary prnobfer everyNat-
ural Language ProcessingNLP) system. No matter how big its lexicon is, it will
always face unknown wordforrhs Existing systems either use spell-checkers,
lists of exceptions and gazetteers of proper names, or relgaba-driven ap-
proaches in order to model these phenomena and decide gpéhartd category
of unknown wordforms.

While most of the unknown words processing systems focusemtedic-
tion of the most likelypart of speecHPOS, MorphoClass’ targets themorpho-
logical classof unknown nouns. It groups unknown German input wordforms
as candidates for a single paradigm and tries to propateraand amorpho-
logical class We define thestemas the common part shared by all inflected
wordforms (up to valid alternations). Together with the ptwlogical class, it
determines all wordforms that could be obtained by an inflacof the same
base paradigmMorphoClass solves the “guessing” problem as a sequence of
subtasks including:i) identification of unknown words (at present, limited to
nouns); {i) recognition and grouping of the inflected forms of a woiiil) com-
pound splitting; iv) morphological stem analysisj)(stem hypothesis generation

! Misspelled words and orthographic variants from e.g., éeent reform of German orthogra-
phy also result in “new words”.

2 MorphoClass was developed within the EC funded project “BIS-21 Centr&xéellence”
ICA1-2000-70016 and was additionally supported by thetéitd cooperation scheme of
Hamburg University and Sofia University.
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for each group of inflected formsyif ranking the list of hypotheses for possible
morphological classes for each word group.

This is a multiple-stage process, which relies o:nforphology — com-
pound splitting, inflection, affixes;ij global context — wordforms from the
whole input, word frequency statistics, ending guessitegratc.; {ji ) local con-
text — adjacent words: articles, prepositions, pronouid;gxternal 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 guesseghwtould (but does
not need to) work after or beforeRDStagger 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 ndémer since
it does not conflate derivational forms: e.generateand generatorwould be
grouped together by most stemmers but noMayphoClass. To the best of our
knowledge, this is the only system that attempts to addresetmorphological
issues.

The paper is organised as follows. Section 2 comments otedebeork, Sec-
tion 3 discusses the system'’s resources and Section 4 shewgdtem at work.
Section 5 presents the evaluation, Section 6 points to sortfef improvements
by linear context consideration and Section 7 contains dinelasion.

2 Related work

Our approach is related to and influenced by some classicBltagks, such as
morphological analysis anelOStagging. See (Nakov et al. 2003) for a detailed
comparison to these and other taskderman morphology:(Adda-Decker &
Adda 2000) propose rules for morpheme boundary identifinatfter the oc-
currence of sequences like:ungs, —hafts, —lings, —tions, —heits. The
problem of German compound splitting is considered in ddgpti{Goldsmith
1998; Lezius 2000; Ulmann 1995)General morphology:(Goldsmith 2001)
performs a minimum description length corpora-based aimbf the morphol-
ogy of several European languages. A very influential is thekwaf Brill (Brill
1997) who builds linguistically motivated rules using battagged corpus and a
lexicon. He looks not only at the affixes but also checks tRES in a lexicon.
Mikheev proposes a similar approach but learns the endiagging rules from a
raw text (Mikheev 1997). (Daciuk 1999) speeds up the progsssg) finite state
transducers. We are not aware of any other system that guessphological
classes by observing the endings only, without consideximgword formation
rules.
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3 Resources: lexicons and grammatical knowledge

A word is considereétnownby MorphoClass, if it is contained in one of its lex-
icons. TheStem LexicofSL) is compiled from both th&lEGRA corpus NEGRA
2001) and the full-form Morphy lexicon (Lezius 2000), andremtly contains
13,147 German nounSL facilitates compound recognition since the compound
splitting module relies oSL's noun stems. ThExpanded Stem Lexicd&SL) in-
cludes all wordforms derived from ttgt. entries and is used during the learning
stage for the ending guessing rules. Terd Lexicon(WL) contains adjacent
closed-class words such as articles, pronouns, etc.

Class Singular Plural
nom gen dat akk| nom gen dat akk

ml 0 [els(1) [e] 0 e e en e

m3a 0 [els(1) [e] 0 er er e er

mo | 0 (e [6] 0| en _en en en

n20 | 0 [es@) 6] 0] e e en e
n21 0 [els(1) [e] 0 er er ern er

25 | 0 [els( [e] 0| en en en en

Table 1:Morphological classes of German nouns

The MorphoClass morphological classes have been designed forDReMAT
system DB/R/-MAT 1992-1998). Each class contains 8 noun endings (see Table
1) appended to the stem with possible alternations and otfserges expressed
by rules. E.g., the endings for Genitive Singularis appended to stems from
classml, after adding a precedings- and taking into accountule 1, which
encodes: “when the basic nominative form endsisgh/x/chs/z/tz/ . the vowel
-e-is obligatory”. For a complete list of the morphologicalsdas and rules see
(Nakov et al. 2002).

We will focus now on the processing of unknown nouns only hewn
ones are identified by lexicon lookup). The successful reitmyn of unknown
nouns substantially depends on the fact that the Germansremencapitalised
(with very few exceptions, each capitalised word is eitheoan, a named entity
or starts a sentenceMorphoClass produces one of the following judgements
for each group of wordforms sharing a stem:

e COMPOUND— successfully split using the available lexicon, so the mor-
phological class of the last word in the compound is assigned
e ENDING RULE — ending guessing rule applied, class assigned,;
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e NO INFO — no decision, incompatible classes elimination only.
For the morphological class prediction we adopted an endimggssing rules
mechanism, which has been originally proposed for POS qgegbikheev
1997). We built 482 rules when running the rule inductioniasfathe SL and
1,789 rules when the SL entries were weighted accordinggio fitequencies in
a raw text (see Table 2). We considered all endings up to #acteas long and
met at least 10 times in the training raw text, provided thate were at least
3 characters remaining to the left, including at least ongelo For each noun
we extracted all possible suffixes (e.g., fréfaterwe obtain-r, -er and-ter) and
for each ending- a list of the morphological classes it appeared with and thei
corresponding frequencies. It is intuitively clear that@d ending guessing
rule would be: unambiguous (predicts a particular classaut or with only few
exceptions); frequent (must be based on a large number ofrerces); long
(the longer the ending, the lower the probability that ith&ppear by chance,
and thus the better its prediction). While the maximum Ih@bd estimation is
a good predictor of the rule quality, it does not take intocagtt the rule length
or the rule frequency. So, following (Mikheev 1997) we adapthe score:

n—1 p(1-p)
M (x4+0.5)/(n+1)

score =p — 1+Tog] D=

where: [ is the ending lengthy is the number of successful rule guessess
the total number of training instances compatible with the,p is a smoothed
version of the maximum likelihood estimation, which ensutteat neithep nor

(1 — p) could be zero, /212 is an estimation of the dlsper5|or§l1 ,isa
coefficient of thet- dlstrlbutlon (withn — 1 degrees of freedom and conﬁdence
level @).

Ending Confidence Predicted Class
class(es) frequency(s)
heit 0.999496 f17 1761
nung 0.999458 17 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 xheple
and weighted on a raw text).

We keep the rules whose score is above some threshold. @urvea use 0.90,
which produces high quality rules. This makes the systensexmative as no
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specific morphological class (out of the feasible ones fer tdrget group of
wordforms) is proposed unlesgorphoClass is confident enough in its choice.
If more texts are presented to the system, it would possibéern/e more word-
forms of the target unknown noun and will rule out some of thggible classes.
If we want a choice at any price, we can move the threshold dovellow am-
biguous ending guessing rules that predict more than onghmobogical 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 mimpical class

that may generate all wordforms of column three. If at least is found Mor-
phoClassaccepts the current coverage as feasible, otherwisegtttrigefine it in
order to make it acceptable. It is possible that the same stgianerated by a
set of words that otherwise could not be covered togethéhdffirst step it does

not matter whether the stem is correct, but just whetheetiseat morphological
class that could generate all the forms in column 3.

Stem # Wordforms covered
Haus 7 { Haus, Hause, Hausen, Hauses, Hausse, Hauser, Hgusern
GroB 6 { GroBe, Grdien, Grder, Grdies, Grde, Grdien }
GroBe 6 { GroBe, Grdien, Grder, Grdies, Grdie, Grdien }
Spiel 6 { Spiel, Spiele, Spielen, Spieler, Spielern, Spie}s
Ton 6 { Ton, Tonnen, Tons, Tonus, Tone, Tonen

Geschaft 5 { Geschaft, Geschafte, Geschaften, Geschaftes, &fsgh”
Schrei 3 { Schrei, Schreien, Schreigr

Table 3:Largest wordform sets before the stem refinement

For example, in Table 3, we do not reject the st&pie| which is incompatible
with the set of wordforms. We decide th@pie| Spiele Spielenand Spielsare
correct members of th8piel paradigm, whileSpieler and Spielernare not and
probably belong to a different on8piel Spiele SpielenandSpielsmight be gen-
erated fromSpielby the four classeml, m9 n20andn25, while Spieler Spielern
— may be generated frospielby m3aandn21(see Table 1). Thus, both groups
are acceptable, taken separately. The first group is biggetrerefore more
likely, i.e., the first four wordforms belong to the paradiginSpiel Applying
ending guessing rules, we will have to choose between fossiple morpho-
logical classesm1, m9, n20andn25. For Spielerand SpielernMorphoClass will
continue to explore other possible stems. In case of sand@edity of the two
groups, we would prefer the most likely morphological cJassording to Mor-
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phy’s lexicon andNEGRA. In the worst cas#orphoClass would propose two
candidates.

Table 4 shows the interaction between compound splittinigegraling guess-
ing. It is obtained from Table 3 after several iterationstefhs refinement. The
compoundBildungsurlaub(educational holiday) in the first row is composed of
Bildung (study) andurlaub (vacation). The last noutrlaub determines both
the compound gender (masculine) and its morphologicascldewever, a plu-
ral form of this paradignBildungsurlaube(last row) covers the base forbaube
(summer house), which is a feminine noun. The first and thedas includesil-
dungsurlauberperson in study leave), which does not belong to these jzamead

In the first stepMorphoClass identifies the valid compounds together with
the known nouns and morphotactic rules. Here it will see thmBildungsurlaub
first, as it is suggested by the 4 wordforms, and will find titung as well as
Urlaub are in the lexicon, i.e Bildung-s-urlaubis a valid compound. However, it
does not generat®ildungsurlauberas a member of the same paradigm. At this
momentBildung-s-urlaubwill be kept as a compound arglldungsurlauberas a
single form that may belong to another paradigm.

Unknown stem # Words that generated the stem

Bildungsurlab 4 { Bildungsurlaub, Bildungsurlaube, Bildungsurlauben,
Bildungsurlauber }

Ortsbezirk 4 { Ortsbezirk, Ortsbezirke, Ortsbezirken, Ortsbezifks

Bildungsurlaube 3 { Bildungsurlaube, Bildungsurlauben, Bildungsurlauber }

Table 4:Unknown stems ordered by the number of word tokens covered

With Bildungsurlaubein the last row of Table 4MorphoClass will try to de-
compose it asBildungsur-laube sinceLaubeis in the lexicon as well Since
Bildungsur-laubefails, MorphoClass will connect the first two forms in the last
row to the paradigm in the first row sin@ldungsurlaubwas treated as a valid
component.

In case neitheBildung Urlaub nor Laubeare in the lexiconMorphoClass
will apply ending guessing rules Bildungsurlaub find a morphological class and
excludeBildungsurlauberfrom the paradigm as impossible. FinallyorphoClass
will not treat Bildungsurlaubeas a possible stem since it is already covered by
Bildungsurlaub ThusMorphoClass will not guess thaBildung, Urlaub, andLaube
are possible base forms of German nouns.

3 But it will not find Bildungsur: Moreover,Laubehas no formLauberand thusBildung-
surlaubercannot be generated.



GUESSING MORPH. CLASSES OF UNKNOWN GERMAN NOUNS 353

5 Evaluation

TheMorphoClass system has been manually evaluated with the following texts
(i) Kafka: Erzahlungen 3,510 word types, 13,793 word token§) Goethe 1:
Die Wahlverwandtschafteril0,833 types, 79,485 tokensii | Goethe 2: Wilhelm
Meisters Lehrjahre17,252 types, 194,266 tokens.

Table 5 summariseslorphoClass’ performance. The compound splitting
rules have a coverage of 32% and their precision is over 92%l{ftext types.
A substantial amount of the remaining stems are coveredégriding guessing
rules, which are applied in over 40% of the cases, but theicipion in iso-
lation was lower (details follow). HoweveKorphoClass has no dictionary of
named entities and its ending guessing rules were traingdeoamall lexicon
of Morphy, where nominalised verbs are listed as nouns. Sdoweot pretend
that the ending guessing rules are based on representetiistiss. Morpho-
Classalways produces a list of candidate classes but with “nd’infdoes not
choose any of them. All results should be considered asvelat the available
resources. Better performance can be achieved with a listmmied entities and
a broader initial lexicon. During the evaluation, the proeld stems have been
categorised as follows:

SET: asetof classes is assigned instead of a single one;

PART: acorrectclass is discovered buabt all the correct ones;

WRONG: a single class is assigned but itveong

YES: a single class is assigned and it is the only correct one;

SKIP: the stem has been excluded from the current manual evaiuatio
(proper names, non-German nouns, noN-nouns or wrong stem).

We defineprecisionandcoverageas follows:

precisionl= 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 tlasdeen
found, whileprecisionreveals how correct it was. A scaling is performed accord-
ing to the proportion of possible classes guesgéal the number of classes: if
a stem belongs th (k > 2) classes antMorphoClass found g of them (it finds
exactly one in case of ending guessing rule but in case of oangbsplitting or
no rule applicable, it might find morg@yecisionlconsiders this as a failure (i.e.,
0), precision2counts it as a partial success (will count it@4) andprecision3
accepts it as a full success (i.e., 1).

Table 6 shows the results of the manual evaluation usingtbesameasures.

We see that for the longer texts the precision is higher littdverage is lower.
We considered two baselindsaseline lalways predicts cladd 6, 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, whilkaseline Zoroposes the most frequent class but limited
to the ones compatible with the proposed stem and the wondfooup. Table 7
shows the performance dforphoClass is well above both baselines.

Kafka Goethel Goethe 2
Coverage 88.99% 84.80% 82.43%
Precision1 74.23% 75.75% 82.36%
Precision2 76.08% 77.21%  83.42%
Precision3 81.44% 79.96%  85.22%

Table 6:Evaluation results

Baseline 1 Baseline 2
Kafka Goethe 1 Goethe P Kafka Goethe 1 Goethe 2
Coverage 100.00% 100.00% 100.00%400.00% 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 Kafikezghlungen As Ta-
ble 8 shows, the compound splitting rules have a very highigien: 93.62%
(no partial matching: all the rules predicted a single ¢lagen if more than one
splitting was possible) and coverage of 43.12%. Ending gjugsules have a
much lower precision: 56% faqurecision land 70% fomprecision 3 This is an
overall coverage of 88.99% and precision of 74.23¥&¢ision 3, 76.08% pre-
cision 2 and 81.44%grecision 3. Note that the cascade algorithm is “unfair”,
since ending guessing rules have been applied only if thgpoamd splitting
rules had failed. So we made a second run with the compouittirgptules dis-
abled and we obtained much higher coverage (76.15%) anisione¢66.27%,
68.43%, 74.70%). Note that some of the stems are short arsdttieuending
guessing rules might act as compound splitting. This erpl#ie 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%
Precision1  93.61% 56.00% 74.23% 66.27%
Precision2  93.62% 57.47% 76.08% 68.43%
Precision3  93.62% 70.00% 81.44% 74.70%

Table 8:Detailed evaluation on Kafka. The coverage is higher thafahble 5,
since theNO INFO column is split intdSET, PARTand SKIP

6 Improvement by linear context

MorphoClass does not consider all successfully guessed morphologiaates
to be equally likely. Its last module uses the two-word lefhiext of the target
noun and statistical observations from #eGRA corpus to produce a ranking of
the feasible morphological classes. The context wordsmitet to the articles,
prepositions and pronouns, which can be used as a left poeditthe gender,
case and number of the target noun. For instance, accomiEGRA, eineis
most often followed by a feminine noun in Akk/Sing.: (FemkA8g: 0.6714),
(Fem/Nom/Sg: 0.3213) and (Fem/Dat/Sg: 0.0073).

NEGRA allowed us to acquire good left context statistics for abéao of
the nouns it contains (about 6% had no left context of the Windheeded). Our
investigation shows that:

e The morphological class predicted by the left context ratdacides with
the gender of the three most likely classes proposetdrphoClass in
60% of the cases;

e In 78% of the cases, the morphological class predicted bieftheontext
rules is among the classes producedvayphoClass;

e The linear context improves the performance in about 14%etases.

7 Conclusion and future work

MorphoClassis a useful tool for lexical acquisition: it identifies new mdforms
in the raw text, derives some properties and performs a nodoglcal classifi-
cation. It is clear that 100% accuracy is impossible, butrtttee wordforms
it collects the better the guess will be. An important featofMorphoClass is
that its performance can be improved using bootstrappingxbgnding the lex-
icons with the newly acquired unknown wordforms, so thatdsetsults can be
achieved incrementally. As new wordforms are collectethftbe whole text (or
from a collection of texts) in a context-independent welgrphoClass can be
used as a lexicon-acquisition tool for automatic dictigreattension.
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We tried to apply the same procedure for guessing morphmdbglasses of un-
known nouns in Bulgarian. The results were much worse (sscrage of less
than 50%) possibly due to the richer inflectional morpholagy to the difficul-
ties to identify unknown nouns in raw texts. The relativelgtprecision for
German substantially depended on the fact that this largegiires capitalisa-
tion of the nouns.

Possible directions of future developmentMdrphoClass include: refining
the ending guessing rules (using a bigger lexicon), testsdeasibility in a
lexical acquisition environment for German and applicatio other languages
with relatively compact and regular morphology and pogsiblother parts of
speech.
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Abstract

It is generally agreed that the success of a Word Sense Digaation

(WSD) system depends, in large, on having enough sensestedatata
available at hand. We report a Web-based approach to cotisgrdarge

sense tagged corpora by exploiting agreement ofWeb usersertribute
word sense annotation. We investigate the quantity andtgaéthe sense
tagged data collected with this approach, and show thatpewes favor-
ably with the traditional method of hiring lexicographers.

1 Introduction

Onenotoriously difficult problem in understanding text i®9M/ Sense Disam-
biguation vsb).While humans usually do not even notice the word ambigsiiti
when interpreting text, word ambiguity is very common, esgiéy among the
most frequent words. Despite much recent work on machiee algorithms
within the recent 8NSEVAL evaluation frameworks and elsewhere, there has
not been as much progress on a related problem known to hdxeng smpact

on the quality ofwsD systems, namely the availability of sense tagged data.

With a handful of tagged texts currently available, exigtivsD systems are
able to deal only with few pre-selected words for which hamacdated data was
provided. Out of the total of 20,000 English words which garrore than one
possible meaning, currently available sense tagged déitaited to annotated
examples for at most 300-400 words.

The rest of the chapter is organized as follows. In Sectiowedescribe
the system used to collect annotated data from Web usersediio8 3 and 4
respectively, we investigate the quantity and quality dbdaollected over the
Web, and evaluate thesp 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 theafiionis imposed
by the creation of such data using trained lexicographessjesigned a system
that enables the collection of semantically annotatedararpver the Web.



358 RADA MIHALCEA & TIMOTHY CHKLOVSKI

Sense tagged examples are collected using a Web-basechdippliOpen Mind
Word Exper{oMwE), that allows contributors to annotate words with their mea
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 taggedusdgpdesired,
contributors are presented with a set of natural languagegligh) sentence-long
contexts each of which includes an instance of the ambigwoud.

The overall process proceeds as follows. Initially, exarggntences are
extracted from a large textual corpus. If other trainingadat a given word is not
available, a number of these sentences are presented tedtefar tagging in
Stage 1 Next, this tagged collection is used as training data fesa algorithm,
and active learning is used to identify in the remaining agrfhe examples that
are “hard to tag”. These are the examples that are presemthd tontributors
for tagging inStage 2

For all tagging, contributors are asked to select the semssefises) they
find to be the most appropriate in a given sentence. The Beiéstmade using
check-boxes, containing all WordNet senses of the currend ywplus two addi-
tional choices, “unclear” and “none of the above.” The resaf any automatic
classification or the classification submitted by other sisee not presented so
as to not bias a contributor’s decisions. Based on prelimifeeedback from both
researchers and contributors, the current version of theesyallows contribu-
tors to specify more than one sense for a given instance.

2.1 Source corpora

Initially, the corpus for annotation was formed by samplihgee different cor-
pora, namely th€®enn Treebankorpus, thd.os Angeles Timellection as pro-
vided during TREC conferencebt{p://trec.nist.gov ) and Open Mind

Common Sensénttp://commonsense.media.mit.edu ), a collection of
about 500,000 commonsense assertions in English as agettiby volunteers
over the Web (Singh 2002). Recently, we have integratedtitiesh National

Corpus we also plan to integrate thdmerican National Corpusvhen it be-

comes available.

2.2 Sense inventory

The sense inventory used in the current system implementistWordNet 1.7.1
(Miller 1995). Users are presented with the current senfiritiens from Word-
Net, and asked to decide on the most appropriate sensef® given context.

Future versions of the system may adopt a new sense inveotonge the
coarse sense classes derived from WordNet, since the finalgriy of Word-
Net was occasionally a source of confusion for some corttisland 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 dong much data at
low cost. It also raises the importance of two aspects of daitaction: (1) en-
suring contribution quality, and (2) making the contrilomtiprocess engaging to
the contributors.

To ensure contribution quality, we collect redundant tagdior each item.
The system currently uses the following rules in presenitieigs 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. Moreovee, itha maxi-
mum number of tags that we collect per item, which is curyeset to four.
That is, if no agreement is reached for the first four taggitigs item is
dropped from the annotated corpus.

One tag per item per contributor. We allow contributors to submit tagging ei-
ther anonymously or having logged in. Anonymous contribaime not
shown any items already tagged by contributors (anonymoostd from
the same IP address. A logged in contributor is not shownsitévat this
contributor has already tagged.

In one year since the beginning of the activity, we collectemte than 100,000

individual sense tags from contributors. Of these, appnexely 16,500 tags

came from using the system in the classrooms as a teachir{fpaithich the
web site provides special features). Future rate of catlectepends on the site
being listed in various directories and on the contribuépeat visit rate. We are
also experimenting with prizes to encourage participation

We measured the quality of the collected data in two ways. Oimter-
tagger agreemenfincluding x statistics), which measures agreement between
the tags assigned to the same item by two different annstattie other isepli-
cability, which measures the degree to which an annotation expericaanbe
replicated. According to Kilgarriff (1999), the ability tecreate closely agreeing
tagging by doing a “second run” is an even more telling indicaf annotation
quality than inter-tagger agreement.

3.1 Inter-tagger agreement

The inter-tagger agreement obtained so far is closely coabpato the agree-
ment figures previously reported in the literature. Kil@&i(2001) mentions
that for the &ENSEVAL-2 nouns and adjectives there was a 66.5% agreement
between the first two taggings (taken in order of submissem¢red for each
item. About 12% of that tagging consisted of multi-word eegsions and proper

! Note that most figures reported in this chapter refer to alieeaersion 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 natidered during
our data collection process. So far we measured a 62.8%tadger agreement
between the first two taggings for single word tagging, plaseto-100% preci-
sion in tagging multi-word expressions and proper nounsn@stioned earlier,
this represents about 12% of the annotated data). Thidses@n overall agree-
ment of about 67.3% which is reasonable and closely comfzavath previous
figures.

3.2 Kappa statistic

In addition to raw inter-tagger agreement, we also caledlthie kappa statistic,
which removes from the agreement rate the amount of agredhatiis expected
by chance (Carletta 1996).

We measure two figuresnicro-averages, where number of senses, agree-
ment by chance, andare determined as an average for all words in the set, and
macro-average:, where inter-tagger agreement, agreement by chance; ared
individually determined for each of the 280 words in the aatj then combined
in an overall average. With an average of five senses per Wwdyverage value
for the agreement by chance is measured at 0.20, resultemioro-« statistic
of 0.58. Formacro+« estimations, we assume that word senses follow the dis-
tribution observed in the Open Mind annotated data, andnthikeassumption,
themacro+ is 0.35.

Only few previous sense annotation experiments report er thtatistic,
and therefore it is hard to compare the values we obtain wihipus evalua-
tions. Itis generally assumed that agreement above 0.88semperfect agree-
ment 0.60-0.80 represengignificant agreemen0.40-0.60 representsoderate
agreementand 0.20-0.40 ifair agreement While most NLP applications seek
data with an agreement that is at lesighificant this is rarely the case in the task
of sense annotation. Previous semantic annotation expetémeport anacro+
for nouns of 0.30 (Ng 1999), as measured on the intersectbomdzn SemCor
and the DSO corpus; a value of 0.49 for the annotation of 35yafrd instances
in a French corpus (Veronis 2000); a value of 0.44 for the BpaBENSEVAL-2
task (Rigau 2001) (for the last two values, it is not clear whether they were
computed usingnicro or macroaverage).

We also measure the statistic on the corpus constructed for the 29 nouns
in the English lexical sample task aE@SEVAL-2. The ENSEVAL-2 English
lexical sample data was constructed following the prireipiitag until at least
two agree To create a setting similar to the Open Mind collection pss; in
this evaluation we only consider the first two tags (arraggags in order of
submission). With agreement by chance determined baseshse distributions
drawn from the corpus itself, th@acro+ statistic for this sense tagged corpus
is 0.62, and thenicro- statistic is 0.65. On the same noun set, the Open Mind
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data has anacro« value of 0.43, and anicro-x of 0.55. Whilex statistics for

the EENSEVAL-2 data are clearly higher, the figures are not, howeverciljre
comparable since (1)EBISEVAL-2 data also includes multi-word expressions,
which are usually easy to identify, and lead to high agre¢msaas; and (2) in
Open Mind Word Expert, the instances to be tagged for thiefs2® nouns were
selected using aactive learningprocess, and therefore these instances are “hard
to tag”.

Additionally, we performed an experiment where only clgadparable word
senses were listed on tgen Mind Word Expesite for selection in tagging (we
used six different senses ftine, as used in (Leacock 1998)). In this cases
0.73, a higher figure than the case where fine grained sense distinare used
in tagging. This suggests that a sense inventory with dearse distinctions is
likely to have a positive impact on the inter-tagger agregme

3.3 Replicability

To measure the replicability of the tagging process peréattmy Web users, we
carried out a tagging experiment for which annotation pentad by “trusted hu-
mans” already existed. We used the data set for the imdarest made available
by Bruce and Wiebe 1994. Because this 2,369-item data sebrigisally an-
notated with respect to LDOCE, we had to map the sense efroi@sLDOCE
to WordNet in order to make a direct comparison with the dagacullect. The
mapping was straightforward with one exception: all six LOBEentries mapped
one-to-one onto WordNet senses. There was one additionaNgb entry not
defined in LDOCE; for this entry we discarded all correspagdixamples from
the Open Mind annotation.

Next, we identified and eliminated all the examples in thgusrthat contained
collocations (e.g.interest rat¢ because these collocations have unique Word-
Net senses. These examples accounted for more than 35% a¥iténeFinally,
the remaining 1,438 examples were displayed on the Weldhaserface for
tagging.

Out of the 1,438 examples, 1,066 had two tags that agreefohe a 74%
inter-annotator agreement for single words tagdir@ut of these 1,066 items,
967 had a tag that coincided with the tag assigned in the ewpets reported
in (Bruce 1994), which leads to an 90.8% replicability fargle words tagging
(note that the 35% monosemous multi-word expressions drtaken into ac-
count by this figure). This is close to the 95% replicabilitpes mentioned in
(Kilgarriff 1999) for annotation experiments performedlbyicographers.

In all, robustness of our data is also corroborated by thesrsipce of a
similar volunteer contribution project (Singh 2002), whimbserved surprisingly

2 Addition of the 35% monosemous multi-word expressions ¢aggith 100% precision leads
to an overall 83% inter-tagger agreement for this particwtard.
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Word Setsize Baseline  WSD| Word Setsize 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 Iséiari(3) precision
attainable with the WSD system

low the rate of maliciously misleading or incorrect contiibns.

4 Exploiting agreement of human annotators for WSD

We also carried out two sets @fSD experiments to further evaluate annotation
quality. For these experiments, we used the items for whichWeb annotators
agreed on the sense tag assigned. One set of experimemdjsated a held
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out subset of the collected corpus, with evaluations peréar using ten-fold
cross validations runs. This is thetra-corpusexperiment, were both train-
ing and test sets are from the same source. The second sqiesfregnts in-
volvesinter-corporaevaluations, in which the training corpus provided for the
SENSEVAL-2 evaluation exercise is augmented with the examplesibotdd by
Web users, and the performance is subsequently tested @etlBEVAL-2 test
data.

4.1 Intra-corpus WSD

In this experiment, we employ STAFS, one of the best perfogwisbp systems
at SENSeEVAL (Mihalcea 2002). In current experiments, we use only a sesll
of features, consisting of the target word itself, its pdrspeech, and a sur-
rounding context of two words and their corresponding paftspeech. The
wsD performance is evaluated during 10-fold cross validatiomsr We also
compute a simple baseline which always assigns the mostdregense (also
computed during 10-fold cross validation runs). Tabletkliall words for which
we collected sense tagged data with at least 100 annotadeadpdes available;
the number of items with full inter-annotator agreemerg;iost frequent sense
baseline; the precision achieved with STAFS.

For the total of 280 words for which data was collected, amaye of 87 exam-
ples per word were annotatédhe most frequent sense heuristic yields correct
results in 63.32% overall. When disambiguation is perfatmeing STAFS,
with a simple set of features consisting of the word itsdig tvord’s part of
speech, and a surrounding context of two (words and theiesponding parts
of speech), the overall precision is 66.23%, which reprssan error reduction
of about 9% with respect to the most frequent sense heuristic

Number of Precision Error rate
training exampleg baseline  STAFS| reduction
any 63.32% 66.23% 9%
> 100 75.88% 80.32% 19%
> 200 63.48% 72.18% 24%
> 300 4551% 69.15% 43%

Table 2:Precision and error rate reduction for various sizes of tfarting
corpus

Moreover, the average for the 72 words which have at leastt00ing
examples (the words listed in Table 1) is 75.88% for the mesjuent sense
heuristic, and 80.32% when using STAFS, resulting in arreecuction of 19%.
When at least 200 examples are available per word, the megtidnt sense

3 The Open Mind Word Expert sense tagged corpora used in tkpseiments 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 Coarsq 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% 745%| 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-usekwB examples

heuristic is correct 63.48% of the time, and thieD system is correct 72.18% of
the time, which represents a 24% reduction in disambigoa&ticor. See Table 2
for precision and error rate reduction for various sizesefttaining corpus.

For the words for which more data was collected from Web ygbesim-
provement over the most frequent sense baseline was larges.agrees with
prior work by other researchers (Ng 1997), who noted thaitiadél annotated
data is likely to bring significant improvements in disamizagon quality.

4.2 Inter-corpora experiments

In these experiments, we enlarge the set of training exanppt/ided within the
Senseval evaluation exercise with the examples collectad ¥Veb users, and
evaluate the impact of the additional training examples erigpmance. Table
3 shows the results obtained on the test data when oBlsBVAL-2 training
data were used, and the results obtained with bathsgvAaL-2 and Web-users
training examples. The samesD system is used in this experiment. Only exam-
ples pertaining to single words are used (that is, we elitaittiee ENSEVAL-2
examples pertaining to collocations).

There is a small error rate reduction of 2% for fine grainediegd A more
significant error reduction of 5.7% was observed for coarasgd scoring. No-
tice that the examples used in our Web-based system are dramra corpus
completely different than the corpus used f@NSEVAL-2 examples, and there-
fore the sense distributions are usually different, androfto not match the test

* Fine grained scoring is a performance evaluation using wergses as defined in WordNet.
Coarse grained scoring is an evaluation that relies onairsénses being grouped in clusters
(e.g., by lexicographers).
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data sense distributions (as is the case when train anddtstade drawn from
the same source). Previous word sense disambiguationieqres performed
across diverse corpora have shown that variations in geméogpic negatively
affect performance (Martinez 2000). The relatively lonoeneductions obtained
in our own inter-corpora experiments confirm these results.

5 Summary

We proposed a solution for construction of large sense thggepora with vol-
unteer contributions over the Web. We evaluated the quyaatid quality of
the data collected from Web users, and showed how these @athecused to
improvewsb performance. The experiments performed with these dataesho
that the inter-tagger agreement, replicability, and disigomation results obtained
on these data are comparable with what can be obtained usiagallected with
the traditional method of hiring lexicographers, at a mushdr cost.
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Reducing False Positives by Expert Combination
in Automatic Keyword Indexing

ANETTE HULTH
Stockholm University

Abstract
This work extends previous work on automatic keyword indgXy show-
ing how the number of incorrectly assigned keywords — as oredsby
keywords assigned by professional indexers — may be higldyaed by
combining the predictions of several classifiers. The diass are trained
on different representations of the data, where the diifgzdies in the
definition on what constitutes a candidate term in a writtecutnent.

1 Introduction

The work described in this chapter concerns automatic keyvmalexing,where
the goal is to automatically find a set of terms describingctirgent of a single
document. The motivation for the work is that keywords cay@n important
role in supporting a user in the search for relevant inforomat The keywords
may serve as a dense summary for a document, they can leadrgpesved
performance of a search engine, or they may constitute fhe to a clustering
mechanism, to give just some examples. Most documents lkeypkdeds, and
since it would be much too time-consuming, expensive, a$ agetedious to
manually assign keywords for all these documents, autemagthods must be
explored.

The approach taken to automate the task is that of supemriaetine learn-
ing, that is, a prediction model (or a classifier) is condeddy training a learn-
ing algorithm on documents with known keywords. The modslissequently
applied to previously unseen documents, to select a saitstl of keywords.
This approach to automatically assign keywords is also lsefibr example,
Frank et al. (1999), Turney (2000), and Pouliquen et al. 800ore specifi-
cally, the work presented here concerns keywaxtiaction where the selected
keywords are present verbatim in the document to which theywssigned. To
evaluate the constructed models, manually assigned kelgnare used as the
gold standard.

Automatic keyword indexing is a difficult task, and the penfiance of the
state-of-the-art keyword extraction is much lower thamfiany othemLp tasks,
such as parsing and tagging. The low performance is par@ytdihe chosen
evaluation method: It is to a certain extent inevitable Kegtvords selected by a
classifier differ from those selected by a human indexerpasven professional
indexers agree on what set of keywords best describes a émtu@ne reason
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for this disagreement is that keyword indexing deals wittured language, and
humans are often inconsistent in such tasks. This, in terbetause human
languages allow for syntactic and semantic variations.

The work presented here builds on work by Hulth (2003), inckihéeveral
classifiers for automatic keyword extraction were evaldiatEhe most evident
drawback with the evaluated classifiers was that they sgléob many keywords
that were not chosen as keywords by the human indexers. |a sages it may
be desirable to have a prediction model that assigns mowedtely than a human
would do, for example if the classifier is to be used for sentématic indexing.
In that case the goal for the training should be to find all nadlguassigned
keywords, as well as a limited set of additional ones. Thd &akection would
then be made by a professional indexer. Semi-automatixiimglevas, however,
not the purpose of the experiments described in Hulth (2003)

In this chapter, experiments on how the number of incolyexgbigned key-
words was reduced to a more acceptable level — as measureslivpids as-
signed by professional indexers — are described. The ingonent was ob-
tained by taking the majority vote of three classifiers wheeleh was trained on
a different representation of the data. The representatiiffered in how the
candidate terms were selected from the documents; usifeyatit definitions
on what constitutes a term in a written text.

The outline is as follows: In the next section, a summary ef ¢tassifiers
used for the expert combination is given. In Section 3, theepble technique
and its results are described. Also, two approaches thatadidiork in reducing
the amount of false positives are shortly presented. (lefplssitive is a can-
didate term that has been given the lapesitiveby 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, aaraple is given of
the automatic keyword extraction before and after the exquenbination.

2 Training the classifiers

One of the most important aspects in machine learning is hevdata are pre-
processed and represented,and consequently what is givepud to the learn-
ing algorithm. In the case of automatic keyword extractitwe, pre-processing
consists of two steps. The first step is to determine whergnadwel begins and
ends in a running text, since a keyword may consist of one weragtokens.
Whereas humans usually are good at knowing when a numbemsgtcative
tokens should be treated as a unit (as one “word” or as ons@hthis is not ev-
ident for an automatic indexer. This procedure is referoegstdefining thean-
didate terms Once the candidate terms have been extracted, it is likalytbo
many terms have been selected to make them useful as keywofittering of
terms is achieved by constructing a model that — based oretlves of a num-
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ber of defined features — can make this distinction for theaex¢d candidate
terms. The second step is thus to calculate the features/&duehe candidate
terms. The goal for the learning is then to find the featuraesdiscriminating
the candidate terms that are appropriate keywords fronetbaadidate terms
that are inappropriate. To train the prediction models féature values of the
known keywords are used.

In the experiments on automatic keyword extraction disedigsHulth (2003),
three different approaches to select the candidate teomstfre documents were
used. These were all stemmed:

e uni-, bi-, and trigrams excluding stopwords (referred to-@gamg

e noun phraseNpP) chunks

e words matching any of a set of empirically defined part-cdesgh 09
tag sequences, where the patterns corresponded to frggoentirring
patterns of manual keywords (referred tgpasterng.

Three features were selected for the candidate terms. Terse

e term frequency
e collection frequencyipF)
o relative position of the first occurrence.

In addition, experiments with a fourth feature — that siguifitly improved the
results — were performed for each term selection approalis. f€ature was:

e the most frequertostag sequence assigned to the candidate term.

In total, six models were evaluated on the test set (threm s=lection ap-
proaches with three and four features respectively). Thasores used for the
evaluation wereprecision(how many of the automatically assigned keywords
that are also manually assigned keyword=gall (how many of the manually as-
signed keywords that are found by the automatic indexed)FameasuregFs_ )

for the selected keywords. To calculate the recall, the rermobmanually as-
signed keywords actually present in the abstract to whieptere assigned was
used. A keyword was considered correct if its stemmed form @cpiivalent to

a stemmed manually assigned keyword.

The machine learning method used in the experiments was plenmenta-
tion of rule induction where the prediction models constructed from the given
examples consist of a set of rules. The system applied isdtalile Discovery
Systen{rDS 2003). The strategy used to construct the rulesreagrsive parti-
tioning (or divide-and-conquér which has as its goal to maximise the separation
of the classes for each rule. The resulting rules are hiliGaity organised (that
is, as decision trees). In order to construct rules that ateower-fitted — to
avoid rules that are too closely tuned to the training dath &ill generalise
poorly — half of the training data are saved for pruning thiesu This action
is part of how the learning algorithm is implementedrRins. The results from
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Hulth (2003) that are relevant for the experiments disaligsehis chapter are
found in Table 1. The presented results are for four featufes each term se-
lection approach is shown: The number of assigned keywartidal (Assign.);

the number of correct keywords in total (Corr.); the premisithe recall; and the
F-measure. There are 500 documents in the test set. Thentotdder of man-
ually assigned keywords present in the abstract is 3 816tledchean is 7.63
keywords per document.

Method Assign. Corr. Prec. Recall F-measure

n-grams 7815 1973 25.2 51.7 33.9
NP-chunks 4788 1421 29.7 37.2 33.0
Patterns 7012 1523 21.7 39.9 28.1

Table 1:Results for the individual classifiers

In the experiments described here, the same data were usetthaprevious ex-

periments: A set of 2 000 abstracts in English from scierjbficnal papers with

keywords assigned by professional indexers. Also, thesidiriof the training

(1 000 documents; to construct the prediction models)duatihn (500 docu-

ments; to evaluate the models, and select the best perfgioni@), 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 arowag accuracy,
and there are several ways to apply ensemble technique(seample, Diet-
terich (1998)). Basically, one may either manipulate thetng data; for exam-
ple in bothbaggingandboostinga number of classifiers are obtained by training
on different subsets of the whole data set. Or, one may ugerelit learning
algorithms on the same training data to acquire differeagsifiers. There is also
the question of how to combine the classifiers to considegxXample whether
better performing classifiers should be given higher weaigihthe ensembile.

3.1 Combining different representations

In this section, an ensemble method that highly reduced tineber of incor-

rectly assigned keywords, while still retaining a large temof correct key-

words, will be described. The ensemble was built from cfessitrained on

different representations of the data. As mentioned ini&e@, six models

were evaluated on the test set in Hulth (2003): Three teretdeh approaches
with two sets of features (with or without tlrestag feature).
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To reduce the number of incorrect keywords a pair-wise coatiin was ini-
tially made over the six models, given that the term selacéipproaches were
different. Thus, in total twelve pairs were obtained. Inartb be considered a
keyword, a term had to be selected by both prediction modétls pair, that is,
an unanimity vote was used.

The twelve pairs were evaluated on the validation data, hadhree pairs
(one pair for each combination of the term selection apgregcwith the high-
est precision were selected. The reason for choosing peas the selection
criteria was that the goal is to reduce the false positiass the proportion of
these should be as small as possible.

The three pairs that were selected were:

e n-grams with theeostag feature #P-chunks with theeostag feature
e n-grams with theeostag feature + patterns with timostag feature
e NP-chunks with theeostag feature + patterns with trostag feature,

in other words, the three term selection approaches witlpthetag feature.

In Table 2, the results for these three combinations on tstesit are shown.
In the table, the number of assigned keywords in total; thalmer of correct
keywords in total; the precision; the recall; and the F-measre displayed.
(The total number of manually assigned keywords preseritdrabstract in the
test data is 3 816, and the mean is 7.63 keywords per docymastcan be
seen in the tablep-grams +NP-chunks assign the set of 500 abstracts in total
2 004 keywords, that is, on average 4.01 keywords per docurdrthese are
on average 1.80 correct. If looking at the actual number gioeds assigned,
27 documents have 0, while the maximum number of keywordgraes is 21.
The median is 4. For the-grams + patterns pair, in total 3 822 keywords are
assigned. Of the 7.64 keywords on average per documentafeldorrect. If
examining the actual distribution, 8 documents have no keglevassigned, the
maximum is 34, and the median is 7. Finally, heechunks + patterns assign in
total 1 684 keywords, that is, on average 3.37 keywords peurdent; of these
are 1.42 correct. The maximum number of keywords actualigasd is 14. 32
documents have 0, and the median is 3 keywords per document.

Method pair Assign. Corr. Prec. Recall F-measure
n-gram+pP-chunk 2 004 902 45.0 23.6 31.0

n-gram+Pattern 3822 1069 280 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 foaies, compared
to the performance of the individual classifiers (see TableHowever, the F-
measure has decreased for all three combinations. As itpsriisnt not only
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to assign correct keywords, but also to actually find the ralypassigned key-
words, recall is considered equally important (the reasosrwhen calculating
the F-measure giving the value 1).

As these results were still not satisfactory from the pointiew of the F-
measure, an experiment with joining the results of the theses was performed,
that is, by taking the union of the keywords assigned by thies pBoing this is
in fact equivalent to taking the majority vote of the thrediindual classifiers in
the first place. The results on the test set when applying therity vote are
found in Table 3 (Sub. not removed). In total, 5 352 keywormrdstaen assigned
to the test set. On average per document, 3.31 keywords eextoand 7.39
are incorrect. The actual number of keywords varies betwidesnd 0 for four
documents, and the median is 10 keywords per document. Thedsure when
taking the majority vote for the three classifiers is 36.1stmigher than for
any of the individual classifiers. The precision is also kigthan for any of
the component models, and the recall is higher than for twihefindividual
classifiers. If comparing this result to thegram approach, that has the highest
F-measure, the number of false positives has decreased4ly, dvhile 318 true
positives are lost. The result of the majority vote may be garad to the number
of keywords assigned to the test set by the professionakérdewhere three
documents have no keywords present in its abstract. Theaméslv keywords,
and the maximum is 27, and there are in total 3 816 manualigrass keywords.

Majority vote Assign. Corr. Prec. Recall F-measure
Sub. notremoved 5352 1655 309 434 36.1
Sub. removed 4369 1558 35.7 40.8 38.1

Table 3:Results for the majority vote

As another improvement, the subsumed keywords may be remtvat is, if
a term is a substring of another assigned keyword, the sabst removed.
In Table 3 (Sub. removed) one can see that although somectigrassigned
keywords are removed as well (5.9%), the number of falsetipesidecreases
by 24.0%. If looking at the actual distribution on the test $eur documents
have 0 keywords. The maximum number of keywords assigned, iz/Sile the
median is 8 keywords per document. This results in the higheseasure (38.1)
obtained on the test set for these experiments.

3.2 Lessons learned

Before any successful results were obtained on the taskio€ieg the number of
incorrectly assigned keywords, two other methods were @& In these two
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experiments, combinations of classifiers were made for &oh selection ap-
proach separately. In the first experiméydgging(Breiman 1996) was applied,
that is, from a training set consisting nfexamples, a new set of the same size
is constructed by randomly drawimgexamples with replacement. (Aaxample

is a feature value vector for, in this case, each candidate Xerhis procedure

is repeatedntimes to createn classifiers. Both voting, with varying numbers of
classifiers that should agree, as well as setting varyiregstoid values for the
number of maximum keywords to assign to each document in ga@tibn with
voting, was tried.

In the second unsuccessful experiment, the fact that tlaeséats unbalanced
was exploited. By varying the weights given to the positixaraples for each
run, a set of classifiers was obtained. Thereafter votingapatied in the same
fashion as for the first unsuccessful experiment. In additosimple weighting
scheme was applied, where higher weights were given toifitasghat found
more correct keywords.

As the results for these experiments were poor, they areregepted here.
Although the number of false positives did decrease, tooynoéithe true pos-
itives also disappeared. As these experiments did not sdc@emay be sus-
pected that the selected features are not enough to disatienkeywords 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. igufe 1, an ab-
stract from the test set is shown together with both the nijnassigned key-
words, as well as with the automatically assigned keywosiisguthe majority
vote, with the subsumed keywords removed. In Figure 2, thevlieds selected
by each individual classifier for this abstract are shownjemhe keywords for
the three pairs are found in Figure 3. In the figures, the ténnIld are also
manually assigned keywords.

4 Conclusions and future work

The experiments and the evaluation presented in this cheqrteerns automatic
keyword extraction. | have here shown how the number of aatwally as-
signed keywords that are incorrect may be highly reducedgewiine number of
correct keywords is still satisfactory, as measured by kege assigned by pro-
fessional indexers. The improvement is achieved by takiegriajority vote for
three classifiers, each trained on a different representafithe data. The rep-
resentations differ in how the terms are selected from tleaigents. The three
methods used are uni-, bi-, and trigrams;chunks; and terms matching any of
a set ofPospatterns (see Hulth (2003) for details). If precision fom&oreason
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ABSTRACT

Lung metastasis detection and visualizationcarimages: a knowledge-
based method. A solution to the problem of lung metastasectien on
computed tomographyc() scans of the thorax is presented. A knowledge-
based top-down approach for image interpretation is uskd.nfethod is
inspired by the manner in which a radiologist and radiotpistanterpret

CT images before radiotherapy is planned. A two-dimensicoigdwed by a
three-dimensional analysis is performed. The algorithst fletects the
thorax contour, the lungs and the ribs, which further hedgpdbtection of
metastases. Thus, two types of tumors are detected: naahdesetastases
located at the lung extremities. A method to visualize thet@mical
structures segmented is also presented. The system wed tes0 patients
(988 total images) from the Oncology Department of La Chdesfonds
Hospital and the results show that the method is reliablecasrguter-
aided diagnostic tool for clinical purpose in an oncologpakement.

AUTOMATICALLY ASSIGNED KEYWORDS

clinical purpose; computed tomography; computer-aidegmistic tool;
ct images; image interpretation; knowledge-based toprdtavchaux-de
-fonds hospital; lung metastasis detection; oncologyipthdrapist; three-
dimensional analysis; top-down approach; total images

MANUALLY ASSIGNED KEYWORDS

computed tomography; computer-aided diagnostic toomeiges; image
interpretation; knowledge-based top-down approach; foatastasis
detection; oncology; thorax; three-dimensional analysis

Figure 1:An abstract with automatically and manually assigned kegs/o

is considered more important than the F-measure — if thgyasdikeywords
must have a high quality — a combination of eitimegrams andvp-chunks or
NP-chunks and patterns using an unanimity vote should be unséeid.

In order to establish which errors that are specific for on@ tgelection ap-
proach, while not present in the two other (that is, whichetypf errors are
avoided by taking the majority vote), all false positivesnir ten arbitrarily se-
lected documents in the validation set were collected. Hahately, it was dif-
ficult to categorise the errors made by each approach (as ensydpected when
looking at Figure 2). One of the few things that could be noted that some
of the terms selected by ther-chunk classifier began with a determiner (for
example, ‘a given grammar’). These terms are rarely keysyaadd are not ex-
tracted by the two other approaches (most determiners apsvstds, and are
not part of thepos patterns). However, a more thorough investigation must be
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N-GRAMS
chaux-de-fonds; clinical purposeomputed tomography, computer-
aided diagnostic too] ct images knowledge-based method; knowledge-
based top-dowrknowledge-based top-down approachla chaux-de-
fonds hospital; lung extremities; lung metastasis; matest; metastasis
detection;oncology, oncology department; ribshree-dimensional
analysis top-down approach; total images

NP-CHUNKS

988 total images; clinical purposegmputed tomography; ct; ctimages
image interpretation; la chaux-de-fonds hospitdljng metastasis
detection radiotherapist

PATTERNS

chaux-de-fonds hospitatomputer-aided diagnostic tooj department;

image interpretation; knowledge-based top-down; la chaux-de-fonds; lung
metastasisiung metastasis detectiononcology; radiotherapist; thorax
contour;three-dimensional analysistop-down approach; total images;
tumors

Figure 2:Assigned keywords for each term selection approach befierexpert
combination

made, where also the selected keywords for each classifieromnpared to all
candidate terms extracted from the documents before thsifita is applied, to
first establish which terms that are filtered out already ercthssification level.

N-GRAMS + NP-CHUNKS
clinical purposeromputed tomography; ct images la chaux-de-fonds
hospital

N-GRAMS + PATTERNS

computer-aided diagnostic too] knowledge-based top down; lung
metastasispncology, three-dimensional analysistop-down approach;
total images

NP-CHUNKS + PATTERNS
image interpretation; lung metastasis detectiopradiotherapist

Figure 3:Assigned keywords for each pair of the term selection apgtres.
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An alternative to taking the majority vote, could be to rahk keywords ac-
cording to how many of the individual classifiers that agrperua candidate
term being a keyword, thus obtaining a probabilistic outfrtst the classifiers
would need to be ranked internally according to their presiperformance. A
threshold value for the maximum number of keywords to asgigeach docu-
ment would then have to be set, either by the system or by a user

When inspecting the automatically assigned keywords, it beaconcluded
that using keywords assigned by one professional indext#reagold standard
for the evaluation does not always give justification to thedels. Many auto-
matically selected keywords have a clear relation to thgestibt hand, although
not chosen by the human for one reason or another. Altegsativthis type of
evaluation are currently under investigation.

Acknowledgements For valuable comments and suggestions: Beata Megyesiand T
Lindgren.
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Socrates: A Question Answering Prototype
for Bulgarian

HRISTO T. TANEV
ITC-irst, Trento

Abstract

In this paper we preser@ocrates - a prototype of QA system for the
Bulgarian language. The system exploits both encyclopaedburces and
information found on the web. The approach uses linguisditepns and
indicators to rank the results obtained from the web. An elpaedic
virtual databas®IDA was created to provide uniform interface to different
on-line and offline encyclopaedic resources. The systemegtsd on 100
questions fronTREC 2001 translated in Bulgarian. The system answered
correctly 52 of them.

1 Introduction

Open domain Question AnswerinQX) is a research area which aims at effec-
tive information retrieval rather than just document mtal (Hirschman 2001).
The goal of an open domaipa system is to identify the answer to a domain-
independent question either on the web (Bucholz 2001) orlaca document
collection (Moorhees 2001). Qsystems are presented with natural language
guestions and the expected output is either the actual anderdified in a text
or small text fragments containing the answer.

Under the promotion of theREC competitions, Open Domain Question An-
swering has emerged as a new research topic in the field ohtatton Retrieval
(Voorhees 2001). However, current approaches for InfdomdExtraction and
Question AnsweringgA) are oriented mainly toward the English language. This
contrasts with the situation on the web where a great numblanguages are
represented. People speaking different languages ateebgérnet millions of
times every day, searching for information. Very often gfieinformation is
available only in some other language than English.

Multilingual QA was introduced as a new task in theer 2003 (Cross Lan-
guage Evaluation Forumhtfp://clef-ga.itc.it ); QA tasks for different
European languages were promotecciter: English, French, Dutch, Italian
and Spanish. However, many languages, among them Bulgagiauain out of
the focus of such forums, although there is a significant athofiinformation
on the web and other machine readable sources written ie theguages. No
previous work has addressed the problems of open domairtiQuésswering
from sources in Bulgarian and other Slavonic languages.
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This paper presents work in progress in the area of open dograifor Bul-
garian. A prototype of ®A system was built which answers to three types of
questions: definition questions, Where-Is questions amgdeal questions. The
system was tested on 100 questions frorRec 2001, translated in Bulgarian;
the system answered correctly 52 of them.

2 Overview

Socrates is a prototype of an open doma@a system for Bulgarian which
uses both encyclopaedic resources and information on theaviind answers

to questions in the Bulgarian language. The use of hetesmgeninformation
sources which have different levels of coverage and strecite important for
high precisiomQA. For example, the search for the date of the beginning of the
World War Il in an encyclopaedia will be relatively easy snanly the entry
about the World War Il should be analysed, while the searcthenweb for the
same information will return a lot of documents which telbabthe war. How-
ever, when the answer is not found in the encyclopaedia aystem may find
relevant documents on the web, which has broader coverage.

Socrates combines pattern based techniques for question answeRing-(
chandran & Hovy 2002, Soubbotin & Soubbotin 2002), lingaisihalysis and
vector searchR from pre-processed encyclopaedic database.LTh&UA lan-
guage engine for Bulgarian (Tanev & Mitkov 2002) is in theecof the linguistic
processing irsocrates.

The system does not perform named entity recognition, nes dtause any
semantic information. The core of the approach lies in apglyanually cre-
ated linguistic patterns on text retrieved from the web asel of encyclopaedic
resources.

2.1 Question types
Currently, the prototype is able to answer three classes@stipns:

Definition questions which ask for a definition of a noun, noun phrase or a
person name. Examples for definition questions are “Kakvofeilk?” (“What
is caffeine?”) , “Koy e Galileo?” (“Who is Galileo?”). Eachugstion of this
type has docus- a word or a phrase for which we search for a definition. For
example, “kofein”(“caffeine”) and “Galileo” are the foces of the two questions
shown hereabove. In theREC 2001 QA track about 20% of the questions were
definition questions. The organisers of the track explained this fact with the
large number of definition questions in the FAQ lists on thé@.we

Where-Is questions These questions are built according to the pattern:
Kade e(NP)? (Where is{NP)?) where (NP) stands for a noun phrase. Such
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a question type is used when the user searches for the loa#tacity, island,
state, landmatrk, etc.

Temporal questions This class of questions ask for a date of event. In con-
trast with the Where-Is questiosocrates accepts temporal questions without
any restriction on the syntactic form. An example of tempgrgestion is the
question: “Koga e potanal Titanik?” (“When did the Titaniols?”)

2.2 The system architecture

A traditional QA 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 docuien

Question processingThe user chooses from a menu the question stem, thus
defining the type of the question. For example, to ask for aniefin question,
the item “Definition questions” is selected from the main mand then the user
can choose between one of the question stems: “Kakvo e” (tWhga “Koy
e” (“Who is”) or “Koya €e” (“Who is”) (feminine); then, the résof the ques-
tion is entered. For the Definition questioBgscrates generates all the possible
morphological forms of the word or phrase which is the foctithe question.
For the temporal questions part-of-speech tagging is pedd to identify the
content words.

Document retrieval. Socrates performs information retrieval from two
sources: the virtual encyclopaedic databaga and the web. Document re-
trieval has two stages: Firsspcrates searchesIDA entries which may answer
the question and then a query is sent to the Goegl€http://www.google.
com/apis ). Socrates takes the document snippets returned by the search en-
gine, it also downloads the top-ranked documents.

Document processingSocrates performs sentence splitting, part-of-speech
tagging and noun phrase extraction on the results retumoad finternet. The
language engineINGUA (Tanev & Mitkov 2002) is used to perform this pro-
cessing.Socrates performs pattern matching on the linguistic structuredt bui
by the language engine in order to score and rank them wighectdo their
relevance.

Answer extraction and ranking. Socrates performs sentence level answer
extraction from the Google snippets and documents. Whersdhece of the
answer is a Google snippet, the system returns a text fragmenthe whole
sentence.

If an entry is found inviDbA which may contain the answer, the whole entry
is returned, because theDA 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 answerthe presence of
linguistic patterns in the answer context. If results arenfibin the encyclopaedic
database/IDA they are ranked first, since the search in this resource i€ mor
reliable than the same search on the web. Next, the resalts the web are
ordered according to the score obtained from a pattern nmgtgirocedure. A
set of linguistic and statistical clues, called indicajésused together with the
patterns to rank the results from Internet.

Socrates returns a a list of sentences or fragments containing theerend
also links to the documents from which the answers have bdescéed. For the
definition questions the user can also choose a set of welessidr returned
from the system, for whiclsocrates 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 tevetfrom the web

fragments containing candidate answers. The patternsweated after study-
ing morpho-syntactic structures which appear in the arsteatifferent question
types (currently location and definition questions). Afipplying the patterns,
the extracted answering fragments are sorted using a sysdtares for quanti-

tative evaluation.

Patterns are used for two types of questions: definitiontgpressand “Kade
e” (“Where is”) questions. Regarding the definition questicsome studies point
out that the pattern approach is very appropriate for thgsestof questions
(Ravichandran & Hovy 2002)Socrates makes use of linguistic patterns and
rules, which consider syntactic, morphological and lexinformation in the
answer context. The system also considers the frequerfdies @ements which
appear in the patterns. As no semantic resources are dedibalBulgarian and
no named entity recognition is performed by the systeatrates relies entirely
on syntactic, statistical clues, and a list of importantrdéfin words to extract
and rank the text fragments containing the answer.

Socrates extracts answer-containing fragments by matching thegssed
documents with a set of patterns relevant to the questioa. tyfhen, a set of
linguistic indicators are activated for every candidatde3e indicators give a
positive or negative score to every candidate fragment.s€hee from all the in-
dicators are summed up and the sentences are acceptectedejr the basis of
that score. For example one of the definition question indisdauxiliary verb
definition” which gives a positive score is activated whelnolthe following
conditions hold:

(1) The patternixX e(NP) (X is (NP)) or X sa(NP) (X are(NP));
(2) X has male gender an@diP) has male gender, or X has neutral or female
gender;
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(3) both X and{NP) are singular or plural and their number coincides with the
number of the auxiliary verb;

(4) no other noun phrase includes in its@ifP); and

(5) there is no preposition before X.

This indicator is activated when a typical definition is fdurislanchevite petna
sa oblasti vav fotosferata s niska temperatura” (“The sotssare low temper-
ature zones in the photosphere”). If we search for the antwtre question
“Kakvo e lunata?” (“What is the Moon?") the indicator will tectivated for
phrases like: “Lunata e edinstveniat estestven spatnilemaata” (“The Moon
is the only natural satellite of the Earth”), but will not betisated when the
following phrase is encountered: “Orbitata na lunata esalif*The orbit of
the Moon is an ellipse”) In this case constraint 5 will impeide indicator from
activating.

For answering definition questions for persons (e.g., “WhGalileo?”) we
used an additional resource - a word list in which three gsoofpwords are
present: verbs, nouns and adjectives which tend to appsgudntly in defini-
tion fragments. All these words are used when famous peomesgents are
described. For example words like “medal”, “nagrada’(Zef?), “champion”
are used when describing some famous sportsman. We createdlly this list
of words after studying the lexical peculiarities of the diifons in Bulgarian
language.

A statistical indicator is applied when fragments matchivigere-1s patterns
are evaluated. This indicator returns the frequency witltkvha capitalised word
appears as a location in fragments which match Where-lermpatt

For example if the question is: “Kade e Sofia?” (“Where is StjieGiven
these fragments: “... konferenciata v Sofia, Balgaria,,."...". Posetete Sofia
v Balgaria ...", “... Sofia (Balgaria) e grad ...” The stdtiat indicators will
give a score 3 to the candidate “Balgaria” (Bulgaria), beedtiappears in three
fragments which match Where-Is patterns.

4 Virtual database VIDA

The use of encyclopaedic resourcegiis a technique which was used success-
fully in some systems like TART (http://www.ai.mit.edu/projects/
infolab/ ) (Katz & Lin 2002) or MultiText (Clarke, Cormack & Kemkes
2003). Information Retrieval from such resources has bsbaher precision
than Information Retrieval from the entire web. Lin et al0(3) 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. &elirtyclopaedic
resources are web dictionaries and the encyclopaedimkbttsites, such as bi-
ography.com oCIA factbook (Lin et.al. 2003). The problem with the offline
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resources is that they do not change over time, thereforiafinenation in them
may soon become old. The online resources, on the other bandccasionally
change their interface, disappear from the web, become tslagcess and so
on. The research in that field (Katz & Lin 2002) shows that tlesihsuccessful
approach is the one which switches between these two dftegsaOmnibase,
used to backup theTART QA system, creates local uniform indices of different
online encyclopaedic resources.

We created the encyclopaedic databasea (VirtualDAtabase) to serve as a
knowledge source fdBocrates. Itis a collection of encyclopaedic resources ac-
cessible online or downloaded from the web. A unique indedidhe resources
was built which provides an interface both to offline and waliesources.

While a lot of online encyclopaedias in different areas carfdund in En-
glish language, it is more difficult to find such online infation sources for
Bulgarian. However, we discovered different web pages #@ed which contain
comprehensive information about historic events, acfidrss, astronomy and
other areas. We believe that as the web increases in sizeantbant of such
resources will increase.

CurrentlyvIDA incorporates four encyclopaedic resources: a Calendaeof t
Historic Events, an Astronomical Dictionary, an Encyclegia of Actors and a
Dictionary of Computer Abbreviations. The historic calandnd the computer
abbreviations dictionary were downloaded from the webpiduge with the main
entries of the astronomical dictionary was also downlodnigdnly links to the
pages which give more comprehensive details about theesnirére stored in
the database; the encyclopaedia of actors was not dowmlpaxtead we built
an index with all the actors for which information is avalkln this site and
stored in the database a link to the biographical page fayector.

Different levels of indexing were applied to the differeasources irviDA.
For three of the resources we indexed only the terms whictithee of the main
entries and not the entries themselves. Thatis, we added4omain index only
the terms which appear as titles of entries. For examplehé&astronomical dic-
tionary we indexed the astronomical terms (sun, solar gelipars), (providing
each term with a reference to its definition), but did not intlee definitions.
Therefore we use these three resources only for answerdinitida questions.
We processed and indexed all the words from the whole entfi® historical
calendar, where every word is represented in the index wgitbeisic form and its
weight obtained viaF.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 backugpsenextraction
for temporal questions.
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While definition and Where-Is questions can be answeredesstaly search-
ing on the web with patterns, temporal questions may haverdiit syntactic
structure and therefore it is not possible to build geneadiigpns for the whole
guestion class. We used two techniques for answering thesstigns. First, we
perform vector search imiDA — we search for answers to temporal questions
in the Calendar of historic events. Next, we submit a quei@aogleap! with

the keywords from the question and rank the snippets acuptdi the number

of keywords which appear in them. We found that for tikec 2001 temporal
guestions a simple vector search in the historic calendetedanuch better than
searching the answer with Google.

The Calendar of historic events represents a list of all taesdn the year,
each day has a list of important historic events which toalc@lon that day. We
pre-processed the entries of the calendar with the paspeéch tagger afin -
GUA (Tanev & Mitkov 2002) and built an index where every eventigresented
together with the date when it happened and a list of the lmsegsfof the con-
tent words which describe the event, where every word isl&gwith a weight
calculated viarr.IDF. In this way a vector space model was implemented (Man-
ning & Schiitze 1999) to represent the events describecticgtendar. We also
represent as a vector the question where for every contedtweeight is defined
according to its part of speech and its capitalisation. Tay if a questiory
is submitted to the system with keyworfig}, for every entry from the historic
calendar with keywordéa; } the cosine between the vectors of the question and
the calendar entry may be calculated using the followingida:

Zi’j‘qi:aj weight(q;).weight(a;)

V2o weight(qi)?y />, weight(az)?

whereweight(k) is the weight of the keyword. Calendar entries which score
above a certain threshold with this formula are suggestéitetoser as possible
answers; the entries are ranked according to their score.

5 Combining patterns and encyclopaedic resources

Socrates searches answers to every question firsvina and then on the
web. Results obtained fromibDA are ranked higher since the search in the
encyclopaedic database has higher precision (this wasrsrated in our ex-
periments on system performance evaluation). Similaragr for combining
structured information sources and the web is adopted iretat. (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 fromec 2001: 61 definition ques-
tions, 22 temporal questions and 17 Where-Is questions.

We ran the system on this test set. We applied the metricshyse TREC
2001 judges: We considered only the top five ranked answersvery answer
we calculated the Mean Reciprocal RaMgR). If the right answer was ranked
first it is given score 1, if second — 0.5, if third — 0.333, ifuith — 0.25
and if fifth — 0.2. The total score from all the questions waanthlivided by
the number of questions; in this way we obtainedrr which was between 0
and 1.

Next we defined a baseline model: for every question we stbatid Google
the query generated by the system for that question. We deresl the top five
shippets returned by Google and found tier for each Google response in the
way described above.

Socrates answered correctly 52 questions obtainingiRr of 0.43. The
baseline model found answers to 38 questions and obtaimekaf 0.26. Ta-
ble 1 gives thevRR of the performance o§ocrates, the baseline model and
their difference by question type an in totéocrates performs best on defi-
nitions questions. However, the baseline model has aldo pégformance on
this question class. Therefore, the difference betv&marates and the baseline
model is about 0.11Socrates has lowest performance on temporal questions,
however it outperforms the baseline model with about 0.81hiis question type,
which is the biggest difference between the system perfocamand the baseline
model. The use of encyclopaedic resources countributdasexely to the per-
formance of the system on the temporal questions as all theatgesponses to
temporal questions were taken from the encyclopaedic dagafDA. In con-
trast, the answers to the defintion and Where-Is questions gracted from
the Google snippets using patterns and no answers were flounola .

Table 2 shows examples of answers which the system has textrilom
the web . The original questions and answers were in Bulgahiare also their
English translations are shown.

As it can be seen from the exampl&xncrates returns sentences or frag-
ments of sentences (when they are taken from the Googleets)pphich con-
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Question Answer

Kakvo e epilepsiata? Epilepsiata e hronichno zaboliavane n
glavnia mozak

(What is epilepsy?) (Epilepsy is a brain iliness)

Koy e Duk Elingtan? Duk Elingtan e nai-golemiat kompozitor
v istoriata na jaza, koito...

(Who is Duke Ellington?) (Duk Ellington is the greatest carser
in the jazz history which...)

Kade e Efrat? r.Efrat v severna mesopotamia

(Where is Euphrates?) (Euphrates River in Northern Mesopiat)

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 8gcrates (English translations in
parenthesis)

tain the answer rather than the exact answer itself. Howéerpresence of
small pieces of redundant information (e.g., the last exarmpTable 2) does
not affect seriously the clarity of answers representation

7 Conclusions

We presented a prototype of a web system for the Bulgarian language. The
system was able to answer more than half of the questionstfiertest set, its
Mean Reciprocal Rank is 0.17 above the baseline model. Bodtseare promis-
ing and show that pattern based Question Answering is affiajgproach which
should be studied further. The results demonstrate alsarttegration of ency-
clopaedic resources in@a system can significantly increase its performance.
We intend to extend the range of the question types to whichsgsiem
is able to answer. Automatic question type identifier andemmecise ques-
tion processor will be integrated in the system. Namedengitognition may
improve the performance @ocrates. We intend to find synonyms and para-
phrases of the most used Bulgarian verbs with corpus bashditpies and to
integrate this information into our system. We are also werég enlarging our
encyclopaedic databagebA with new resources. Finally, we intend to make our
system available on the web as an alternative to the comraitsearch engines.
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Unsupervised Natural Language Disambiguation
Using Non-Ambiguous Words

RADA MIHALCEA
University of North Texas

Abstract

This chapter describes an unsupervised approach for hinguage dis-
ambiguation, applicable to ambiguity problems where eass equiva-
lence can be defined over the set of words in a lexicon. LekicaWwl-
edge is induced from non-ambiguous words via classes of@euice and
enables the automatic generation of annotated corporaoflgeequire-
ments are a lexicon and a raw textual corpus. The method wtetlten
two natural language ambiguity tasks in several languaggd:of speech
tagging (English, Swedish, Chinese) and word sense digpration (En-
glish, Romanian). Classifiers trained on automaticallystwted corpora
were found to have a performance comparable with classifiatslearn
from expensive manually annotated data.

1 Introduction

Ambiguity is inherent to human language. Successful smhstifor automatic
resolution of ambiguity in natural language often requamgé amounts of anno-
tated data to achieve good levels of accuracy. While reahrareces in Natural
Language Processingi(P) have brought significantimprovements in the perfor-
mance ofNLP methods and algorithms, there has been relatively littheymss
on addressing the problem of obtaining annotated datanestjby some of the
highest-performing algorithms. As a consequence, mangdst'sNLP appli-
cations experience severe data bottlenecks. Accordingaent studies (e.g.,
Banko & Brill 2001), theNLP research community shouldirect efforts to-
ward increasing the size of annotated data collectiqrssiice large amounts of
annotated data are likely to significantly impact the penf@ance of current algo-
rithms.

For instance, supervised part of speech tagging on Englighines about 3
million words, each of them annotated with their correspoggart of speech,
to achieve a performance in the range of 94-96%. Stateeskthin English syn-
tactic parsing is close to 88-89%, obtained by traininggamsodels on a corpus
of about 600,000 words, manually parsed within the PennbEnele project, an
annotation effort that required 2 man-years of work (Mart@93). Increased
levels of problem complexity result in increasingly seveéata bottlenecks. The
data created so far for supervised English word sense digaatibn consist of
tagged examples for about 200 ambiguous words. At a thrauglipne tagged
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example per minute (Edmonds 2000), with a requirement afieh@0 tagged ex-
amples per word (Ng 1996), and with 20,000 ambiguous wordisércommon
English vocabulary, this leads to about 160,000 hours dfiteg— nothing less
but 80 man-years of human annotation work. Informationaetion, anaphora
resolution and other tasks also strongly require large t@ted corpora, which
often are not available, or can be found only in limited qitaas.

Moreover, problems related to lack of annotated data mulbg an order
of magnitude when languages other than English are corsid@he study of a
new language (from about 7,200 different languages spolkeldwide) implies
a similar amount of work in creating annotated corpora neguby the super-
vised applications in the new language.

In this chapter, we describe a framework for unsupervisegusoannotation,
applicable to ambiguity problems where classes of equicalean be defined
over the set of words in a lexicon. Part of speech taggingdveense dis-
ambiguation, named entity disambiguation, are examplesicli applications,
where the same tag can be assigned to a set of words. In ppeedlstagging,
for instance, arequivalence classan be represented by the set of words that
have the same functionality (e.g., houn). In word sensamigguation, equiva-
lence classes are formed by words with similar meaning (syms). The only
requirements for this algorithm are a lexicon that definespbssible tags for
each word, and a large raw corpus.

The underlying idea is based on the distinction betwasabiguougndnon-
ambiguouswvords, and the knowledge that can be induced from the lattdret
former via classes of equivalence. When building lexicaliyotated corpora,
the main problem is represented by the words that, accotdiagyiven lexicon,
have more than one possible tag. These wordsaarkiguoudor the specific
NLP problem. For instancéwork” is morphologically ambiguous, since it can
be either a noun or a verb, depending on the context whereitrscSimilarly,
“plant” carries on a semantic ambiguity, having both meaning4aaftory”
or “living organism”. Nonetheless, there are also words that carry only one
possible tag, which amngon-ambiguougor the givenNLP problem. Since there is
only one possible tag that can be assigned, the annotatgutbfiion-ambiguous
words can be accurately performed in an automatic fashioar n@ethod for
unsupervised natural language disambiguation reliessaigon this latter type
of words and on the equivalence classes that can be definenganayds with
similar tags.

Shortly, for anambiguouswvord W, an attempt is made to identify one or
morenon-ambiguousvordsW’ in the same class of equivalence, so thatcan
be annotated in an automatic fashion. Next, lexical knogded induced from
thenon-ambiguousvordsW’ to theambiguous words Wsing classes of equiv-
alence. The knowledge induction step is performed usingraieg mechanism,
where the automatically partially tagged corpus is usedrfoning to annotate
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new raw texts including instances of the ambiguous wa'rd

Related work in unsupervised or semi-supervised corpustation includes
active learning Dagan 1995)¢o-training(Blum & Mitchell 1998),self-training
(Yarowsky 1995)counter-training(Yangarber 2003).

The chapter is organized as follows. We first present our pgrsised ap-
proach for building lexically annotated corpora and show tkmowledge can
be induced frormon-ambiguousvords via classes of equivalence. The method
is evaluated on two natural language disambiguation taskeveral languages:
part of speech tagging for English, Swedish and Chinesewand sense disam-
biguation for English and Romanian.

2 Equivalence classes for building annotated corpora

The method introduced in this chapter relies on classes wfagnce defined
amongambiguousand non-ambiguousvords. The method assumes the avail-
ability of: (1) a lexicon that lists the possible tags a woridint have, and (2) a
large raw corpus. The algorithm consists of the followingémain steps:

(1) Given a sefl of possible tags, and a lexicahwith wordsW;, i=1,|L|,
each word¥; admitting the tagg’;, j=1,|1V;|, determine equivalence classes
Cr,, j=1T| containing all words that admit the t4g.

(2) Identify in the raw corpus all instances of words thabiel to only one
equivalence class. These a@n-ambiguouw/ords that represent the start-
ing point for the annotation process. Each saom-ambiguousvord is
annotated with the corresponding tag frGm

(3) The partially annotated corpus from step 2 is used tolda knowledge
required to annotate ambiguous words. Equivalence reltiefined by
the classes of equivalence are used to determir@mbiguousvordsV;
that are equivalent to the already annotated words. A labassigned to
each such ambiguous word by applying the following steps:

(a) Detect all classes of equivalenig that include the wordV;.

(b) In the corpus obtained at step 2, find all examples thaaanetated
with one of the tagq’;.

(c) Use the examples from the previous step to form a traisgtgand
use it to classify the current ambiguous instakiGe

For illustration, consider the process of assigning a pespeech label to the
word “work” , which may assume one of the labals (noun) orvs (verb).

We identify in the corpus all instances of words already &ated with one of
these two labels. These instances constitute training pbemannotated with
one of the classasN or vB. A classifier is then trained on these examples, and
used to automatically assign a label to the current ambiguaud“work” . The
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following sections detail on the features extracted fromabntext of a word to
create training/test examples.

3 Evaluation

The method was evaluated on two natural language ambigrotylgms. The
first one is apart of speech tagging task, where a corpus aedotvith part of
speech tags is automatically constructed. The annotaticuracy of a classifier
trained on automatically labeled data is compared agaibaseline that assigns
by default the most frequent tag, and against the accurathieafame classifier
trained on manually labeled data.

The second task is asemantic ambiguity problem, where tipegis@onstruc-
tion method is used to generate a sense tagged corpus, vehibbri used to
train a word sense disambiguation algorithm. The perfoneads again com-
pared against the baseline, which assumes by default thefraqaent sense,
and against the performance achieved by the same disantibigadgorithm,
trained on manually labeled data.

The precisions obtained during both evaluations are coapamwith their
alternatives relying on manually annotated data, and exbgea large margin
the simple baseline that assigns to each word the most fined@g. Note that
this baseline represents in fact a supervised classificaliorithm, since it relies
on the assumption that frequency estimates are availabtadged words.

Experiments were performed on several languages. Thefsga¢ech corpus
annotation task was tested on English, Swedish and Chittesegnse 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 speagh proceeds as
follows. Given a lexicon that defines the possible morphiclalgags for each
word, classes of equivalence are derived for each part afcépeNext, in the
raw corpus, we identify and tag accordingly all the words gpgpear only in one
equivalence class (i.enon-ambiguousvords). On average (as computed over
several runs with various corpus sizes), about 75% of thelsvoan be tagged
at this stage. Using the equivalence classes, we identifyigaraus words in
the corpus, which have one or more equivaler-ambiguousvords that were
already tagged in the previous stage. Each occurrence bfreareambiguous
equivalents results in a training example. The trainingdseived in this way is
used to classify the ambiguous instances.

For this task, a training example is formed using the folluyvieatures:
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(1) two words to the left and one word to the right of the takgetd, and their
corresponding parts of speech (if available, or “?” othes)i

(2) aflag indicating whether the current word starts with pparcase letter;

(3) aflag indicating whether the current word contains aigytsti

(4) the last three letters of the current word.

For learning, we use a memory based classifier m8Li (Daelemans 2001).

For each ambiguous word’; defined in the lexicon, we determine all the
classes of equivalend, to which it belongs, and identify in the training set
all the examples that are labeled with one of the tBgsThe classifier is then
trained on these examples, and used to assign one of the Tglielthe current
instance of the ambiguous wolt;.

The unknown words (not defined in the lexicon) are labeledgsi simi-
lar procedure, but this time assuming that the word may lgetorany class of
equivalence defined in the lexicon. Hence, the set of trgiakamples is formed
with all the examples derived from the partially annotaterpas.

The unsupervised part of speech annotation is evaluateebinvays. First,
we compare the annotation accuracy with a simple basehaéassigns by de-
fault the most frequent tag to each ambiguity class. Secamdcompare the
accuracy of the unsupervised method with the performantieecfame tagging
method, trained on manually labeled data. In all cases, wanaes the availabil-
ity of the same lexicon. Experiments and comparative etiainsare performed
on English, Swedish and Chinese.

3.1.1 Part of speech tagging for English

For the experiments on English,we use the Penn TreebankSivakt Journal
part of speech tagged texts. Section 60, consisting of &000 tokens, is set
aside as a test corpus; the rest is used as a source of texodatining. The
training corpus is cleaned of all part of speech tags, negulh a raw corpus
of about 3 million words. To identify classes of equivalenae use a fairly
large lexicon consisting of about 100,000 words with theiresponding parts
of speech.

Several runs are performed, where the size of the lexicaliptated corpus
varies from as few as 10,000 tokens, up to 3 million tokensallrruns, for
both unsupervised or supervised algorithms, we use the katieen of about
100,000 words.

Table 1 lists results obtained for different training siz€ke table lists: the
size of the training corpus, the part of speech tagging pi@tion the test data
obtained with a classifier trained on (a) automatically letbecorpora, or (b)
manually labeled corpora. For a 3 million words corpus, fasgifier relying on
manually annotated data outperforms the tagger trainecutometically con-
structed examples by 2.3%. There is practically no costcéatsal 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 automaticalipanually
tagged training datdEnglish

tagger, other than the requirement of obtaining a lexicahearaw 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 used#&ctions rang-
ing from 10,000 words up to to 1 million words. We use the Shatin Umea
Corpus (SUC) corpuswivw.ling.su.se/staff/sofia/suc/suc.html ),
and again a lexicon of about 100,000 words. The tagset isnbedefined in
SUC, and consists of 25 different tags.

As with the previous English-based experiments, the cagelsaned of part
of speech tags, and run through the automatic labeling duwee Table 2 lists
the results obtained using corpora of various sizes. Theracg continues to

grow as the size of the training corpus increases, suggetat 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 automaticalimanually
tagged training datgSwedish

A similar experiment was run for Chinese.A lexicon of abodifdD0 entries was
derived from the Chinese Treebank. Using manually labeted thn annotated
corpus of about 100,000 tokens), an accuracy of 87.5% wasurezhon a data
set of about 10,000 tokens. With the automatically labeleghes, the perfor-
mance on the same set was measured at 82.05%. When the nawgiset is
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augmented to about 2 million tokens, the precision of unsiped annotation
raises to 87.05%.

The conclusion drawn from these three experiments is thatamabiguous
words represent a useful source of knowledge for the taskfg speech tag-
ging. The results are comparable with previously explorethmds in unsuper-
vised part of speech tagging: Cutting (1992) and Brill (19@port a precision
of 95-96% for part of speech tagging for English, using umesvised annota-
tion, under the assumption that all words in the test set amevk. Under a
similar assumption (i.e., all words in the test set are idetlin 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 sensefgazation prob-
lem. Here, the equivalence classes consist of words thaeanantically related.
Such semantic relations are often readily encoded in setnaetworks, e.g.,
WordNet or EuroWordNet, and can be induced using bilingicdiaharies.

First, one or mor@on-ambiguousquivalents are identified for each possible
meaning of the ambiguous word considered. For instancendbe “plant” ,
with the two meanings ofliving organism” and “manufacturing plant”, has
the monosemous equivalefifora” and“industrial plant” .

Next, the monosemous equivalents are used to extract $exaraples from
a raw textual corpus, which constitute training examplegtie semantic anno-
tation task. The feature set used for this task consists ofrasnding window
of two words to the left and right of the target word, the velke$ore and after
the target word, the nouns before and after the target wowdl sanse specific
keywords. Similar with the experiments on part of speeclgitag we use the
TimBL memory based learner.

The performance obtained with the automatically taggepumis evaluated
against: (1) a simple baseline, which assigns by defaultbst frequent sense
(as determined from the training corpus); and (2) a supedvisethod that learns
from manually annotated corpora (the performance of thersiged method is
estimated through ten-fold cross validations)

For the English taskmonosemousgquivalents for six ambiguous words were
determined based on WordNet synsets. The raw corpus consitite British
National Corpus, with about 100 million words, containingws article, sci-
entific reports, novels, and spoken transcripts. Each nenoss equivalent is
used to extract several examples (consisting of 4 sentencesinding the focus
word), up to a maximum of 100 examples per word sense.

Table 3 lists the six ambiguous words, the size of the trgimiorpus auto-
matically generated, the precision obtained on the testisiag: (1) a simple
heuristic that assigns the most frequent sense to all iostar§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 freqaense, and
using automatically or manually sense tagged data (Enylish

trained on (2a) automatically generated corpora, or (2bjuably labeled data.

The disambiguation accuracy clearly exceeds the baseadiven for such
small amounts of annotated corpora. While previous resejitsrted in the liter-
ature for these words are sometimes larger (e.g., Yarowl€§5)), note that the
size of our corpus is limited to at most 100 examples per wergs, to allow
for a one-to-one comparison with supervised methods (assgupto thousands
of annotated examples). Moreover, to avoid the bias intedwby the “one
sense per discourse” paradigm, the examples that were theaomaotated were
selected exclusively from individual BNC texts.

Similar disambiguation experiments were also performeda@manian.Since
a Romanian WordNet is not yet availablepnosemousquivalents for five am-
biguous words were hand-picked by a native speaker usinger{iased dictio-
nary. The raw corpus consists of a collection of Romanianspapers collected
on the Web over a three years period (1999-2002).

The monosemous equivalents are used to extract severapsmgain with
a surrounding window of 4 sentences. An interesting proktesh occurred in
this task is the gender, which may influence the classifinat&cision. To avoid
possible miss-classifications due to gender mismatch,atieenspeaker was in-
structed to pick the monosemous equivalents such that théaawe the same
gender (which is not necessarily the gender of their eqeintaimbiguousvord).
Next, thenon-ambiguousvords are replaced with theiimbiguousequivalent,
and consequently we obtain a corpus annotated with sense tag

Table 4 lists the five ambiguous words, their monosemousvalguits, the
size of the training corpus automatically generated, aagthcision obtained on
the test set using the simple most frequent sense heunstitha instance based
classifier. Again, the classifier trained on the automdsidabeled data exceeds
by a large margin the simple heuristic that assigns the rmegtieént sense by

! The manually annotated corpus for these words is availabie f
http://www.cs.unt.edu/rada/downloads.html
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default. Since the size of the test set created for thesesnsiairly small (50
examples or less for each word), the performance of a sigeetvhethod could
not be estimated.

Training Mostfreq. 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%
slujpa  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 freqaense, and
using automatically sense tagged data (Romanian)

For an average training size of 164 examples per word, thetation accuracy
for this data set of five words was evaluated at 87.42%, coedptar the most
frequent sense baseline of 61.63%.

4 Conclusions

This chapter introduced a framework for unsupervised ahtanguage disam-
biguation, applicable to ambiguity problems where clasgesquivalence can
be defined over the set of words in a lexicon. Lexical knowéedginduced
from non-ambiguous words via classes of equivalence, aabtles the auto-
matic generation of annotated corpora. The only requirésname a dictionary
and a raw textual corpus. The method was tested on two n#nglage ambi-
guity tasks, on several languages. In part of speech taggjassifiers trained on
automatically constructed training corpora performedcatieacies in the range
of 88-94%, depending on training size, comparable with #rgpmance of the
same tagger when trained on manually labeled data. Sigpilasvord sense dis-
ambiguation experiments, the algorithm succeeds in crgagmantically anno-
tated corpora, which enable good disambiguation accualtiduture work, we
plan to investigate the application of this algorithm toyefery large corpora,
and evaluate the impact on disambiguation performance.

Acknowledgements.This work was partially supported by a National Science Baun
tion grant 11S-0336793.



396 RADA MIHALCEA

REFERENCES

Banko, Michele & Eric Brill. 2001. “Scaling to Very Very LaegCorpora for Natural
Language DisambiguationProceedings of the 39th Annual Meeting of the Associ-
ation for Computational LinguisticACL'01), 26-33. Toulouse, France.

Blum, Avrim & Tom Mitchell. 1998. “Combining Labeled and Uaileled Data with Co-
training”. Proceedings of the Workshop on Computational Learning ih@OLT
1998, 92-100. Madison, Wisc.

Brill, Eric. 1995. “Unsupervised Learning of DisambiguatiRules for Part of Speech
Tagging”. Proceedings of the ACL Third Workshop on Very Large Corpara3.
Somerset, N.J.

Cutting, Doug, Julian Kupiec, Jan Pedersen & Penelope Sili@92. “A Practical
Part-of-Speech TaggerProceedings of the Third Conference on Applied Natural
Language ProcessingANLP-92, 133-140. Trento, Italy.

Daelemans, Walter, Jakub Zavrel, Ko van der Sloot & Antal dan Bosch. 2001.
“TiIMBL: Tilburg Memory Based Learner, version 4.0, refecenguide”. Technical
report. Antwerp, Belgium: Univ. of Antwerp.

Dagan, Ido & Sean P. Engelson. 1995. “Committee-based Sagrfpk Training Prob-
abilistic Classifiers”. Proceedings of the International Conference on Machine
Learning(ICML-1995, 150-157. Tahoe City, Calif.

Edmonds, Phil. 2000. “Designing a Task for Senseval-2".hfhéal Note,Senseval-2
Workshop Toulouse, France.

Marcus, Mitch, Beatrice Santorini & Mary Ann Marcinkiewic¥993. “Building a Large
Annotated Corpus of English: The Penn Treebankomputational Linguistics
19:2.313-330.

Ng, Hwee Tou & Hian Beng Lee. 1996. “Integrating Multiple Kmledge Sources
to Disambiguate Word Sense: An Exemplar-based Approdetdceedings of the
34th Annual Meeting of the Association for Computationadgliistics(ACL'96),
40-57. Santa Cruz, Calif.

Yangarber, Roman. 2003. “Counter-Training in Discovengefmantic Patterns’Pro-
ceedings of the 41th Annual Meeting of the Association fan@dational Linguis-
tics (ACL'03), 343-350. Sapporo, Japan.

Yarowsky, David. 1995. “Unsupervised Word Sense Disandtign Rivaling Super-

vised Methods”. Proceedings of the 33rd Annual Meeting of the Association fo
Computational LinguisticfACL'95), 189-196. Cambridge, Mass.



List of Contributors

Eneko Agirreenekd@@si.ehu.es

Galia Angelovagalia@Iml.bas.bg

Amit Baggabagga@avaya.com

Roberto Basibhasili@info.uniroma2.it
Jeffrey Bighanjbigham@u.washington.edu
Branimir K. Boguraebran@us.ibm.com
Yuri Bonevy.bone@team-vision.bg

Svetla Boytchevavetla@fmi.uni-sofia.bg
Antonio Brancoahb@di.fc.ul.pt

Xavier Carreragarreras@lsi.upc.es
Roberta Catizonecatizon€@dcs.shef.ac.uk
Timothy Chklovskitimc@isi.edu

Henning Christiansehenning@ruc.dk
Hamish Cunningharhamist@dcs.shef.ac.uk
Ido Dagandagar@cs.biu.ac.il

Sebastian van Deldesteldei@cs.ucf.edu
Richard J. EvanR.J.Evan@wlv.ac.uk
Elena Filatovdilatova@cs.columbia.edu
Chris Foxfoxcj@essex.ac.uk

JesUs Giménggimene®lsi.upc.es

Oren Glickmarglikmaao@cs.biu.ac.il
Fernando Gomegome®&cs.ucf.edu

Evelyn Giusevelyn.giu@imail.de

Walther v. Hahn
vhahr@informatik.uni-hamburg.de

Vasileios Hatzivassiloglou
vh@cs.columbia.edu

Mary Hearnenhearné&computing.dcu.ie
Mark Hepplem.heppl@dcs.shef.ac.uk
Graeme Hirsgh@cs.toronto.edu

Anette Hulthhulth@dsv.su.se

Camelia IgnaCamelia.lgna@jrc.it

Diana Zaiu Inkperdiana@site.uottawa.ca
Mario Jarmas#ario.Jarmas@cnrc-nrc.gc.ca
Sandra Kilblekueble@sfs.uni-tuebingen.de
Oier Lopez de Lacall@bloleo@si.ehu.es
Shalom Lappidappin@dcs.kcl.ac.uk

Maria Liakatamaria.liakata@clg.ox.ac.uk
Michael L. Littmanmlittman@cs.rutgers.edu
Susannah J. Lydosusannaf@cs.man.ac.uk
Inderjeet Manim5@georgetown.edu
Hanady Mansouhanady@ccl.umist.ac.uk
Lluis MarqueZluism@Isi.upc.es

Diana Maynardliana@dcs.shef.ac.uk

Rada Mihalceaada@cs.unt.edu

Tristan Miller tristan.miller@dfki.de

Preslav Nakownakow@cs.berkeley.edu



398 LIST OF CONTRIBUTORS

Ani Nenkovaani@cs.columbia.edu Kiril Iv. Simov kivs@bultreebank.org
Luka NerimaLuka.Nerimalettres.unige.ch  Ralf SteinbergeRalf.Steinberge@jrc.it
Leif Arda Nielsennielser@dcs.kcl.ac.uk Albena Strupchanslkabena@Iml.bas.bg

Maria Teresa Pazienza Stan Szpakowicgzpak@site.uottawa.ca
pazienz@®info.uniroma2.it
Valentin Tablanvalyt@dcs.shef.ac.uk
Leonid Peshkimpesha@eecs.harvard.edu
Hristo T. Tanewane\@itc.it
Bruno PouliquerBruno.Poulique@jrc.it
Peter D. Turneypeter.turne@nrc.ca
Stephen G. Pulman
Stephen.Pulma@clg.ox.ac.uk Elena Valchanovalena@iml.bas.bg

Allan RamsayAllan.Ramsag@manchester.ac.ullick Webbn.webl@dcs.shef.ac.uk
Virginia Savovasavova@jhu.edu Eric Wehrli Eric. Wehrli@lettres.unige.ch
Violeta Seretavioleta.Sereta@lettres.unige.chvorick Wilks y.wilks@dcs.shef.ac.uk
Andrea Setzea.setze@dcs.shef.ac.uk Mary McGee Woodnary@cs.man.ac.uk
Victor Shnaydeshnayde@eecs.harvard.edu Milena Yankovamyankov@Ilml.bas.bg
Joao Silvgsilva@di.fc.ul.pt Fabio Massimo Zanzotto

zanzott@info.uniroma2.it
Khalil Sima’ansimaar@science.uva.nl



Index of Subjects and Terms

A.
abduction 231
active learning 361
AdaBoost 153
ambiguity resolution 29
analogies 106
analogy problems 119
anaphoral, 2, 8-15
annotation
annotation efficiency 181
corpus annotation 173
annotation families 73, 74
annotation formats 62
annotation iterators 73
annotation priorities 73
annotation scheme 327-330, 332-334
annotation sequence 65-68, 70, 72, 74
annotation transducers 76
annotation-based representation 62
annotations 61
and their properties 73, 74
as structured objects 70
as typed feature structures 76
manipulating via FS operations 71
annotations as FS ‘symbols’ 66
annotations graph 62
annotations lattice 64, 66, 70, 74
traversal 66, 72-76
annotations store 63-66, 68, 70-72, 74, 76
annotations tree 64
in XML 68
annotator capabilities 74
annotators 63, 65, 72, 74, 76
as architectural components 62, 70
architecture
componentised 61, 72
for NLP 61-65
TIPSTERG7
annotations-based 66, 70, 72
production-level 69, 70, 73
for NLP 61

for unstructured information manage-
ment 62

FS toolkit within 64
assignment accuracy 313
assignment consistency 313
association measure 91, 93, 96
assumption grammars 228
ATIS corpus 32
atomic event 247-249, 252, 255
attachment ambiguity 218
augmented transition networki(N) 19, 21

B.

backoff estimation 183
Bayesian classifier 282
Bayesian Net 165

C.
cascading grammars 67-69, 72, 73
FST composition as 67
CASS64, 67
category ranking classification 311
centroid 315
CHR Grammars ¢HRG) 227
chunk parser 196
CLaRrK 69
classification 309, 329-333, 335
named entities 271
classifier
profile-based 311
clustering 121
agglomerative hierarchical 314
of news items 314
tree 314
coherence 277, 279-284, 286
evaluation of 282, 283, 286
cohesion 283
collocation dictionary 91
collocation extraction 92, 93
commonsense knowledge 46
component inter-operability 61



400 INDEX OF SUBJECTS AND TERMS

conjunctions 219

CoNLL datasets 211

constraint handling rulec@r) 227

context-free grammacfaG) 183, 227

context-sensitive rules 227, 229, 231

coordination 227

corpus 327-330, 332-335

cosine measure 84

cosine similarity 312

CPSL67, 68,70

cross-lingual document similarityc(Ds)
307

D.

data-oriented parsingpOp) 183, 193

decision rules 55

decision trees 51, 153, 323

definite clause grammars¢ac) 227

degree of synonymy 111

deterministic parsing 199

dialogue action frames 18-20, 26

dialogue acts 18, 21, 22, 26

Discourse Representation Theory (DRT) 13

Document Understanding Conferenoe€)
281, 282

domain theory 31

E.
easy-first 217
edge counting 112-114, 118
ellipsis 1, 2, 10-15, 317
encyclopaedic resources 381
ensemble techniques 370
ESL116-118
Eurovoc 307
evaluation 312, 327, 328, 334, 335, 367
classification
named entities 273
clustering 272
typology derivation 272
event detection 247, 249, 254
event prototype 135
events 46
expert combination 370
extended dependency graptpG) 135
extractive summary 288

F.

FASTUS64, 67
feature selection 163
filtering 206, 207, 211

finite-state automata 63, 71
non-deterministic 76
weighted 71
finite-state calculus
over typed feature structures 76
finite-state cascades 67
finite-state filtering 65
finite-state matching
over annotations 62, 72, 74, 75
as typed feature structures 76
finite-state parsing 67
finite-state processing 61, 63
character-based 64-66
input for 64
over annotations 63, 66, 68-71
finite-state transducers
weighted 71
finite-state transduction 63
flexible collocation 92, 94, 95
frame problem 52
fsgmatch 68, 69

G.
GATE 70, 74, 240
generalized quantifiers@s) 2, 7-8
German 56
global learning 206, 209
glue sentence 279-281
Good-Turing 187
grammar 327-330, 332, 334, 335
grammatical functions 193
graphs

feature graphs 328-330, 335
greedy extraction 238, 243, 245

H.
Head 113, 115, 116

head-driven phrase structure gramm&r£g

327-332, 334, 335

hidden Markov models 153

higher-order unification (HOU) 2

Hindi 56

history-based stochastic grammaiBEG)
185

hyperlinking rule 133

hypothetical events 49

I

indexing
conceptual 309
cross-lingual 309



INDEX OF SUBJECTS AND TERMS 401

indicative summarization 289
inductive logic programming 33

information extraction 240, 242, 245, 247,

248, 252, 257, 267

information retrieval 84, 247, 248, 250, 277

information retrieval (R) 378
Infoxtract 72, 73

INTEX 65

inverse document frequency€) 310

K.

k-nearest neighbouk(@iN) 203, 311
Katz backoff 187

kernel methods 213

keyword extraction 367

L.

larger-first 217

latent semantic analysis gA) 277, 278,
281, 285, 286

latent semantic indexing 1) 308

lexical chains 119

lexical-functional grammarngc) 183

log-likelihood test 93, 96, 310

logarithmic rule 103

logic programming 227

M.

machine learning\fL) 153, 154, 205, 311,
367

machine translatiorMT) 143, 148

machine-readable dictionaries 141

majority vote 372

Markov models 164

Martin-Lodf’s Type Theory fLTT) 2, 12,
14

matching

as subsumption among TFS's 76
as unifiability of TFS’s 76

matrix 239

maximum entropy 153, 164, 321

mean reciprocal rankyRR) 384

memoization 281

memory-based learningugL) 153, 193,
323

memory-based parsing6pP) 194

Message Understanding Conferenae )
48, 247

Miller & Charles 111, 112,114, 115

module combination 102

multi-document summarization 81, 289

multi-word collocation 91-93, 95, 98
multi-word collocation extraction 91, 92
multilingual document classification 308
multilingual document clustering 308
multilingual question answering 378
multilingual vector space 307

N.
Naive Bayes 51
named entity 249, 254, 314

recognition ER) 268, 307
natural language generation(G) 141, 147
near-synonyms 111, 141, 143, 147
Netlingo 163

O.
objective representation 133
online learning 206, 209

P.
parallel texts 237, 239, 240, 245
parameter estimation 183, 190, 191
paraphrase
acquisition 81
importance 81
lexical 82
parser 93
dependency 86
parsing 183, 227, 328, 330, 334
partial 205, 217
part-of-speechH09
grouping 320
manual tagging 173
tagging 153-161, 163, 173
tagging efficiency 181
tagset 219
Penn treebank 35, 211, 219
perceptron learning 206, 209, 213

phrase recognition problems 205, 207, 211

product rule 103
Prolog 227, 229, 231, 234
Sicstus Prolog 228
Property Theory with Curry Typing (PTCT)
1-15

Q.
guestion answeringyA) 81, 255, 377
guestion type 378

R.
ranking 206, 211



402 INDEX OF SUBJECTS AND TERMS

Reader’s Digest Word Power Game 116,
118
reclassification 328, 332, 333, 335
regular expression patterns 63
regular expressions
over annotation sequences 66
over syntactic categories 67
over typed feature structures 76
regular grammars 69
regular transducer grammars
overxMmL documents 68
relation 250-255
relationship 248, 250, 254, 255
Roget’s thesaurus 112-119
Rubenstein & Goodenough 112, 114, 116,
118
rule induction 369

S.

semantic ambiguity 357

semantic distance 112,113, 116-118
semantic similarity 111, 112,114-118, 146
semantic web 309

semicolon groups 113, 115

sense tagging, replicability of 359
Senseval 121

shallow semantic analysis 135

singular value decompositiorsyD) 277,

278, 281, 282
SPPC71,72,74
SPAoUT 76

statistical estimation 186

stochastic grammar 185

stochastic tree-substitution grammar g

185

subordination 49

summarization 277-279, 281-286
multi-document 277
subject-specific 309

support vector machinesym) 153-159,

161, 311

SvM tagger 153-161

SwitchBoard 21, 23

synonymy 111
judgments 112, 114
problems 116, 118
questions 117

syntactic analysis 92, 94

syntactic and functional labels 200

syntactic criterion 93, 95

syntactic pattern 93, 98

T.
TALENT 72, 73,75, 76
TempEx 51
template 248, 252, 253
temporal discourse 54
temporal information extraction 45
Test of English as a Foreign LanguageEFL)
102, 105, 116, 117
tf-idf 84
TFST73-76
time expressions 50
time phrase 249
TimeML 49
TIMEX2 50
TnT 153, 154, 160
topic detection and trackingT) 247
topic sentence 278, 285
topic signatures 121
transduction
overxmL documents 68
over annotations 62, 67, 74, 76
over tree elements 72
transformation-based learnintg(L) 18, 22,
24,153, 319
tree walking automata 72
treebank 327, 328, 335
tri-word collocation 95, 97
Tubingen Treebank of Spoken German 194
typed feature structures 76

types
comprehension 5
polymorphic 5
separation 4-5
universal 3
typology derivation 268
V.

vector representation 312
vector-space model 277
verb phrase ellipsis/PE) 317
VerbMobil 21, 23

voted perceptron 154

W.

Wall Street Journal corpusvsJ) 156, 163,
164

weight optimization 103

word sense disambiguatiowéD) 51, 121,
357

WordNet 111-114,116-118, 121



CURRENT ISSUES IN LINGUISTIC THEORY

E. F. K. Koerner, Editor
Zentrum fiir Allgemeine Sprachwissenschaft, Typologie
und Universalienforschung, Berlin
efk koerner@rz.hu-berlin.de

Current Issuesin Linguistic Theory (CILT) isa theory-oriented series which welcomes contributions from
scholars who have significant proposals to make towards the advancement of our understanding of lan-
guage, itsstructure, functioningand development. CILT has been established in order to provide a forum
for the presentation and discussion of linguistic opinions of scholars who do not necessarily accept the
prevailing mode of thought in linguistic science. It offers an outlet for meaningful contributions to the
current linguistic debate, and furnishes the diversity of opinion which a healthy discipline must have.
A complete list of titles in this series can be found on the publishers website, www.benjamins.com

222

223

224

225

226

227

228

229

230

=

23

232

236

237

238

HERSCHENSOHN, Julia, Enrique MALLEN and Karen ZAGONA (eds.): Features and Interfaces in
Romance. Essays in honor of Heles Contreras. 2001. Xiv, 302 pp.

FANEGO, Teresa, Javier PEREZ-GUERRA and Maria José LOPEZ-COUSO (eds.): English
Historical Syntax and Morphology. Selected papers from 11 ICEHL, Santiago de Compostela, 7-11
September 2000. Volume 1. 2002. X, 306 pp.

FANEGO, Teresa, Belén MENDEZ-NAYA and Elena SEOANE (eds.): Sounds, Words, Texts and
Change. Selected papers from 11 ICEHL, Santiago de Compostela, 7-11 September 2000. Volume 2.
2002.X, 310 Pp.

SHAHIN, Kimary N.: Postvelar Harmony. 2003. viii, 344 pp.

LEVIN, Saul: Semitic and Indo-European. Volume II: Comparative morphology, syntax and phonetics.
2002. Xviii, 592 pp.

FAVA, Elisabetta (ed.): Clinical Linguistics. Theory and applications in speech pathology and therapy.
2002. XXiV, 353 pp.

NEVIN, Bruce E. (ed.): The Legacy of Zellig Harris. Language and information into the 21st century.
Volume 1: Philosophy of science, syntax and semantics. 2002. Xxxvi, 323 pp.

NEVIN, Bruce E. and Stephen B. JOHNSON (eds.): The Legacy of Zellig Harris. Language and
information into the 21st century. Volume 2: Mathematics and computability of language. 2002.

XX, 312 pp.

PARKINSON, Dilworth B. and Elabbas BENMAMOUN (eds.): Perspectives on Arabic Linguistics.
Papers from the Annual Symposium on Arabic Linguistics. Volume XIII-XIV: Stanford, 1999 and
Berkeley, California 2000. 2002. Xiv, 250 pp.

CRAVENS, Thomas D.: Comparative Historical Dialectology. Italo-Romance clues to Ibero-Romance
sound change. 2002. xii, 163 pp.

BEYSSADE, Claire, Reineke BOK-BENNEMA, Frank DRIJKONINGEN and Paola MONACHESI
(eds.): Romance Languages and Linguistic Theory 2000. Selected papers from ‘Going Romance’ 2000,
Utrecht, 30 November-2 December. 2002. viii, 354 pp.

WEIJER, Jeroen van de, Vincent J. van HEUVEN and Harry van der HULST (eds.): The
Phonological Spectrum. Volume I: Segmental structure. 2003. X, 308 pp.

WEIJER, Jeroen van de, Vincent J. van HEUVEN and Harry van der HULST (eds.): The
Phonological Spectrum. Volume II: Suprasegmental structure. 2003. X, 264 pp.

LINN, Andrew R. and Nicola McCLELLAND (eds.): Standardization. Studies from the Germanic
languages. 2002. xii, 258 pp.

SIMON-VANDENBERGEN, Anne-Marie, Miriam TAVERNIERS and Louise J. RAVELLI (eds.):
Grammatical Metaphor. Views from systemic functional linguistics. 2003. vi, 453 pp.

BLAKE, Barry J. and Kate BURRIDGE (eds.): Historical Linguistics 2001. Selected papers from the
15th International Conference on Historical Linguistics, Melbourne, 13-17 August 2001. Editorial
Assistant: Jo Taylor. 2003. X, 444 pp.

NUNEZ-CEDENO, Rafael, Luis LOPEZ and Richard CAMERON (eds.): A Romance Perspective
on Language Knowledge and Use. Selected papers from the 31st Linguistic Symposium on Romance
Languages (LSRL), Chicago, 19—22 April 2001. 2003. xvi, 386 pp.

ANDERSEN, Henning (ed.): Language Contacts in Prehistory. Studies in Stratigraphy. Papers from
the Workshop on Linguistic Stratigraphy and Prehistory at the Fifteenth International Conference on
Historical Linguistics, Melbourne, 17 August 2001. 2003. viii, 292 pp.



240 JANSE, Mark and Sijmen TOL (eds.): Language Death and Language Maintenance. Theoretical,
practical and descriptive approaches. With the assistance of Vincent Hendriks. 2003. xviii, 244 pp.

241 LECARME, Jacqueline (ed.): Research in Afroasiatic Grammar II. Selected papers from the Fifth
Conference on Afroasiatic Languages, Paris, 2000. 2003. viii, 550 pp.

242 SEUREN, Pieter A.M. and Gerard KEMPEN (eds.): Verb Constructions in German and Dutch. 2003.
vi, 316 pp.

243 CUYCKENS, Hubert, Thomas BERG, René DIRVEN and Klaus-Uwe PANTHER (eds.): Motivation
in Language. Studies in honor of Giinter Radden. 2003. xxvi, 403 pp.

244 PEREZ-LEROUX, Ana Teresa and Yves ROBERGE (eds.): Romance Linguistics. Theory and
Acquisition. Selected papers from the 32nd Linguistic Symposium on Romance Languages (LSRL),
Toronto, April 2002. 2003. viii, 388 pp.

245 QUER, Josep, Jan SCHROTEN, Mauro SCORRETTI, Petra SLEEMAN and Els VERHEUGD (eds.):
Romance Languages and Linguistic Theory 2001. Selected papers from ‘Going Romance, Amsterdam,
6-8 December 2001. 2003. viii, 355 pp.

246 HOLISKY, Dee Ann and Kevin TUITE (eds.): Current Trends in Caucasian, East European and Inner
Asian Linguistics. Papers in honor of Howard I. Aronson. 2003. xxviii, 426 pp.

247 PARKINSON, Dilworth B. and Samira FARWANEH (eds.): Perspectives on Arabic Linguistics
XV. Papers from the Fifteenth Annual Symposium on Arabic Linguistics, Salt Lake City 2001. 2003.

X, 214 pp.

248 WEIGAND, Edda (ed.): Emotion in Dialogic Interaction. Advances in the complex. 2004. xii, 284 pp.

249 BOWERN, Claire and Harold KOCH (eds.): Australian Languages. Classification and the
comparative method. 2004. xii, 377 pp. (incl. CD-Rom).

250 JENSEN, John T.: Principles of Generative Phonology. An introduction. 2004. xii, 324 pp.

251 KAY, Christian J., Simon HOROBIN and Jeremy J. SMITH (eds.): New Perspectives on English
Historical Linguistics. Selected papers from 12 ICEHL, Glasgow, 21-26 August 2002. Volume I: Syntax
and Morphology. 2004. X, 264 pp.

252 KAY, Christian J., Carole HOUGH and Irené WOTHERSPOON (eds.): New Perspectives on English
Historical Linguistics. Selected papers from 12 ICEHL, Glasgow, 21-26 August 2002. Volume II: Lexis
and Transmission. 2004. xii, 273 pp.

253 CAFFAREL, Alice, J.R. MARTIN and Christian M.I.M. MATTHIESSEN (eds.): Language Typology.
A functional perspective. 2004. Xiv, 702 pp.

254 BALDI, Philip and Pietro U. DINI (eds.): Studies in Baltic and Indo-European Linguistics. In honor
of William R. Schmalstieg. 2004. xlvi, 302 pp.

255 MEULEN, Alice ter and Werner ABRAHAM (eds.): The Composition of Meaning. From lexeme to
discourse. 2004. vi, 232 pp.

256 BOK-BENNEMA, Reineke, Bart HOLLEBRANDSE, Brigitte KAMPERS-MANHE and Petra
SLEEMAN (eds.): Romance Languages and Linguistic Theory 2002. Selected papers from ‘Going
Romance, Groningen, 28-30 November 2002. 2004. viii, 273 pp.

257 FORTESCUE, Michael, Eva Skafte JENSEN, Jens Erik MOGENSEN and Lene SCHOSLER (eds.):
Historical Linguistics 2003. Selected papers from the 16th International Conference on Historical
Linguistics, Copenhagen, 11-15 August 2003. 2005. X, 312 pp.

258 AUGER, Julie, J. Clancy CLEMENTS and Barbara VANCE (eds.): Contemporary Approaches to
Romance Linguistics. Selected Papers from the 33rd Linguistic Symposium on Romance Languages
(LSRL), Bloomington, Indiana, April 2003. With the assistance of Rachel T. Anderson. 2004. viii, 404 pp.

259 CARR, Philip, Jacques DURAND and Colin J. EWEN (eds.): Headhood, Elements, Specification and
Contrastivity. Phonological papers in honour of John Anderson. 2005. 430 pp.

260 NICOLOYV, Nicolas, Kalina BONTCHEVA, Galia ANGELOVA and Ruslan MITKOV (eds.): Recent
Advances in Natural Language Processing IIL Selected papers from RANLP 2003. 2004. Xii, 402 pp.

261 KAY, Christian J. and Jeremy J. SMITH (eds.): Categorization in the History of English. 2004.

viii, 268 pp.

262 VAJDA, Edward J. (ed.): Languages and Prehistory of Central Siberia. 2004. %, 275 pp.

263 BRANCO, Ant6nio, Tony MCENERY and Ruslan MITKOV (eds.): Anaphora Processing. Linguistic,
cognitive and computational modelling. 2005. x, 449 pp.

264 DRESSLER, Wolfgang U., Dieter KASTOVSKY, Oskar E. PFEIFFER and Franz RAINER (eds.):

Morphology and its demarcations. Selected papers from the 11th Morphology meeting, Vienna,

February 2004. ca. 345 pp. Expected Summer 2005

CORNIPS, Leonie and Karen P. CORRIGAN (eds.): Syntax and Variation. Reconciling the Biological

and the Social. ca. 265 pp. Expected Summer 2005

26

wn



	RECENT ADVANCES IN NATURAL LANGUAGE PROCESSING III
	Editorial page
	Title page
	LCC data
	Contents
	Editors’ Foreword
	A Type-Theoretic Approach to Anaphora and Ellipsis Resolution
	Abstract
	1 Introduction
	2 PTCT
	3 An intensional number theory
	4 Representing proportional generalized quantifiers in PTCT
	5 A type-theoretical approach to anaphora
	6 Ellipsis
	7 Comparison with other type-theoretical approaches
	8 Conclusions and future work
	REFERENCES

	Human Dialogue Modelling Using Machine Learning
	Abstract
	1 Introduction
	2 Modality independent dialogue management
	3 Learning to annotate utterances
	4 Future work: Data driven dialogue discovery
	5 Discussion
	Acknowledgements
	REFERENCES

	Learning Domain Theories
	Abstract
	1 Domain theories
	2 A partial ATIS domain theory
	3 Scaling up
	4 Domain theory for company succession events
	5 Next steps
	REFERENCES

	Recent Developments in Temporal Information Extraction
	Abstract
	1 Introduction
	2 Temporal information extraction
	3 Previous research
	4 TimeML
	5 TIMEX2
	6 TIMEX2 tagging
	7 TIMEX3 extensions
	8 Challenges in TimeML link annotation
	9 Empirical constraints on temporal discourse
	10 Automatic TLINK tagging
	11 Multilinguality
	12 Conclusions
	Acknowledgements
	REFERENCES

	Annotation-Based Finite State Processing in a Large-Scale NLP Architecture
	Abstract
	1 Introduction
	2 Finite-state technology and annotations
	3 Pattern matching over annotations
	4 A design for annotations-based FS matching
	5 Conclusion
	REFERENCES

	Acquiring Lexical Paraphrases from a Single Corpus
	Abstract
	1 Introduction
	2 Background and related work
	3 Algorithm
	4 Evaluation and analysis
	5 Conclusions
	REFERENCES

	Multi-Word Collocation Extraction by Syntactic Composition of Collocation Bigrams
	Abstract
	1 Introduction
	2 Existing methods of multi-word collocation extraction
	3 Collocation bigrams extraction with FipsCo
	4 Multi-word collocation extraction by bigrams composition
	5 The experiment. Results and discussion
	6 Conclusions and future work
	Acknowledgements
	REFERENCES

	Combining Independent Modules in Lexical Multiple-Choice Problems
	Abstract
	1 Introduction
	2 Module combination
	3 Synonyms
	4 Analogies
	5 Conclusion
	Acknowledgements
	REFERENCES

	Roget’s Thesaurus and Semantic Similarity
	Abstract
	1 Introduction
	2 Roget’s Thesaurus relations as a measure of semantic distance
	3 Evaluation based on human judgment
	4 Evaluation based on synonymy problems
	5 Discussion
	Acknowledgements
	REFERENCES

	Clustering WordNet Word Senses
	Abstract
	1 Introduction
	2 Retrieving examples for word senses from theWeb
	3 Constructing topic signatures
	4 The Cluto clustering environment
	5 Clustering using WSD system confusion matrixes
	6 Clustering using translation similarities
	7 Clustering using word sense examples
	8 Clustering using topic signatures
	9 Experiments
	10 Conclusions and future work
	Acknowledgements
	REFERENCES

	Inducing Hyperlinking Rules in Text Collections
	Abstract
	1 Introduction
	2 Rule-based hyperlinkingwith information extraction techniques
	3 Shallow discourse analysis for automatically deriving hyperlinking rules
	4 Analysis of the results in a financial domain
	5 Conclusions
	REFERENCES

	Near-Synonym Choice in Natural Language Generation
	Abstract
	1 Introduction
	2 Meta-concepts
	3 Near-synonym choice
	4 Preferences
	5 Similarity of distinctions
	6 Similarity of conceptual configurations
	7 Evaluation of Xenon
	8 Conclusion
	Acknowledgments
	REFERENCES

	Fast and Accurate Part–of–Speech Tagging: The SVM Approach Revisited
	Abstract
	1 Introduction
	2 Support Vector Machines
	3 Problem setting
	4 Experiments
	5 Discussion
	6 Conclusions and future work
	Acknowledgements
	REFERENCES

	Part-of-Speech Tagging with Minimal Lexicalization
	Abstract
	1 Part-of-Speech Tagging
	2 POS tagging Bayesian net
	3 Experiments and Results
	4 Conclusion
	REFERENCES

	Accurate Annotation: An Efficiency Metric
	Abstract
	1 Introduction
	2 An objective metric for annotation efficiency
	3 Accurate tagging
	4 Efficiency
	5 Discussion
	Annex
	REFERENCES

	Structured Parameter Estimation for LFG-DOP
	Abstract
	1 Introduction
	2 Tree-DOP: Phrase-structure
	3 Backoff Estimation for DOP
	4 LFG-DOP: Lexical-Functional Grammar
	5 BackOff Estimation for LFG-DOP
	6 Conclusions
	REFERENCES

	Parsing Without Grammar—Using Complete Trees Instead
	Abstract
	1 Introduction
	2 The Tübingen Treebank of Spoken German, TüBa-D/S
	3 Parsing function-argument structure using an instance base of trees
	4 Evaluation
	5 Conclusion and future work
	REFERENCES

	Phrase Recognition by Filtering and Ranking with Perceptrons
	Abstract
	1 Introduction
	2 The phrase recognition model
	3 Online learning via recognition feedback
	4 Phrase recognition in natural language
	5 Feature vector representation
	6 System implementation and experiments
	7 Conclusions
	Acknowledgements
	REFERENCES

	Cascaded Finite-State Partial Parsing: A Larger-First Approach
	Abstract
	1 Introduction
	2 Motivation
	3 The Syntactic Relation Set
	4 The larger-first algorithm
	5 Evaluation
	6 Conclusions
	Acknowledgements
	REFERENCES

	A Constraint-based Bottom-up Counterpart to Definite Clause Grammars
	Abstract
	1 Introduction
	2 Background and related work
	3 Syntax, semantics and implementation of CHRG
	4 Examples
	5 Abduction in CHRG
	6 Conclusion
	Acknowledgements
	REFERENCES

	Using Parallel Texts to Improve Recall in Botany
	Abstract
	1 Overview – parallel texts and greedy extraction
	2 Parallel texts – corpus and data
	3 Shallow parsing
	4 Evaluation of information merging
	5 Greedy extraction
	6 Prospects
	Acknowledgements
	REFERENCES

	Marking Atomic Events in Sets of Related Texts
	Abstract
	1 Introduction
	2 A study of event annotation
	3 Detecting and labeling events
	4 System output
	5 Comparison with Information Extraction
	6 System evaluation
	7 Conclusions
	Acknowledgments
	REFERENCES

	Semantically Driven Approach for Scenario Recognition in the IE System FRET
	Abstract
	1 Introduction
	2 FRET Architecture
	3 Logical form translation
	4 Inference mechanism
	5 Evaluation
	6 Conclusions and further work
	REFERENCES

	A Framework for Named Entity Recognition in the Open Domain
	Abstract
	1 Introduction
	2 The method for named entity recognition in the open domain
	3 The test corpus
	4 Evaluation
	5 Related work
	6 Conclusion
	REFERENCES

	Latent Semantic Analysis and the Construction of Coherent Extracts
	Abstract
	1 Introduction
	2 Algorithm
	3 Evaluation
	4 Results
	5 Conclusion
	Acknowledgments
	REFERENCES

	Facilitating Email Thread Access by Extractive Summary Generation
	Abstract
	1 Introduction
	2 Related work
	3 Task and corpus
	4 Generating thread overviews
	5 Evaluation and results
	6 Conclusions and future work
	REFERENCES

	Towards Deeper Understanding of the Latent Semantic Analysis Performance
	Abstract
	1 Introduction
	2 LSA and text categorisation
	3 Related work and motivation
	4 Linguistic resources and text collections
	5 Experiments and evaluation
	6 Discussion
	7 Conclusions and future work
	REFERENCES

	Automatic Linking of Similar Texts Across Languages
	Abstract
	1 Introduction and motivation
	2 Related work
	3 Mapping documents to the EUROVOC thesaurus
	4 Calculation of cross-lingual document similarity
	5 Application to multilingual news analysis
	6 Future work
	Acknowledgements
	REFERENCES

	Verb Phrase Ellipsis Detection Using Machine Learning Techniques
	Abstract
	1 Introduction
	2 Detection of elided VPEs
	3 Conclusion and future work
	REFERENCES

	HPSG-based Annotation Scheme for Corpora Development and Parsing Evaluation
	Abstract
	1 Introduction
	2 Formalism for HPSG
	3 Corpus annotation
	4 Reclassification
	5 Evaluation over an HPSG annotation scheme
	6 Related work and discussion
	7 Conclusions
	REFERENCES

	Arabic Morpho-syntax for Text-to-Speech
	Abstract
	1 Outline
	2 Morphology
	3 Syntax
	4 Conclusions
	REFERENCES

	Guessing Morphological Classes of Unknown German Nouns
	Abstract
	1 Introduction
	2 Related work
	3 Resources: lexicons and grammatical knowledge
	4 Examples
	5 Evaluation
	6 Improvement by linear context
	7 Conclusion and future work
	REFERENCES

	Building Sense Tagged Corpora with Volunteer Contributions over the Web
	Abstract
	1 Introduction
	2 Building sense tagged corpora with the help ofWeb users
	3 Quantity and quality ofWeb-based sense tagged corpora
	4 Exploiting agreement of human annotators forWSD
	5 Summary
	REFERENCES

	Reducing False Positives by Expert Combination in Automatic Keyword Indexing
	Abstract
	1 Introduction
	2 Training the classifiers
	3 Combining the experts
	4 Conclusions and future work
	Acknowledgements
	REFERENCES

	Socrates: A Question Answering Prototype for Bulgarian
	Abstract
	1 Introduction
	2 Overview
	3 Pattern-based answer extraction
	4 Virtual database VIDA
	5 Combining patterns and encyclopaedic resources
	6 Evaluation
	7 Conclusions
	REFERENCES

	Unsupervised Natural Language Disambiguation Using Non-Ambiguous Words
	Abstract
	1 Introduction
	2 Equivalence classes for building annotated corpora
	3 Evaluation
	4 Conclusions
	Acknowledgements
	REFERENCES

	List of Contributors
	Index of Subjects and Terms
	The series Current Issues in Linguistic Theory



