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A b s t r a c t 

O n e  o f  th e  m a j o r  pr o b l e m s  o f s t a te - o f -a r t 
N L P s y s te m s  is  t h e  d i f fi c u l ty  t o  a d a p t t h e 
l i ng u i s ti c  k no w l e dg e  b a s e s  to  n e w 
a p pl i c a ti o n  a n d  l a n g u a g e s ,  w i t h ou t 
s u bs t a n ti a l  ma n u a l w o r k.  I n  t h i s  p a p e r w e 
p r e s e n t  a  m e th o d ,  a n d  re l a t e d  e x pe r i m e nt s ,  to 
b u il d  a  s e lf - a d ap t i v e  l i n gu i s t ic  k n ow l e d ge 
b a s e .  Th e  m e t h o d  i s  a pp l i e d t o  th e  p ro b l e m
o f  a u t o ma t i c  P r o p e r  N o un  D i c t i o n a r i e s 
e x te n s i on . 

1 I n t r o d u c t i o n 
Information Extraction is an emerging technology
[Pazienza 1997] aiming at retrieving facts from textual
information available electronically. Information
Extraction significantly differs from the more mature
field of Information Retrieval, in that IE aims to extract
specific facts from documents. This task is rather more
complex, since there are many ways to express the same
fact in natural language, and information may be spread
across different sentences.

Broadly speaking we can say that the field of IE grew
very rapidly when ARPA funded competing research
groups through the Message Understanding Conferences
(MUC).

MUC conferences favoured the design of high-
performing IE systems by exploiting the recent trend of
Natural Language Processing towards more empirical
computational linguistics, that is, by putting less
emphasis on linguistic theory, and more on the use of
language engineering techniques, to ensure higher
coverage of the language processing tasks being
considered.
In our view, the meritorious "make it work" imperative,
while favouring the design of very high-performing
systems, somehow lowered the attention on generality
and domain adaptability of the devised techniques.
Often, linguistic knowledge and rule bases used for fact
extraction are specifically defined for the task at hand,
e.g.

identification of management successions in economic
newswires or terrorist events.

To facilitate the adaptability of IE to applications, state-
of-art systems put more emphasis on the design of
engineering tools (e.g. GATE [Humphreys et al. 1996])
and knowledge acquisition interfaces (e.g. Proteus,
[Yangarber and Grishman, 1997]) than on the definition
of self-adaptive and learning capabilities.
We believe that adaptive capabilities of NLP systems
require the extensive use of language samples as a
source evidence for extracting and organizing lexical
information. Data are extracted from real texts, as
embodiment of language in use, to capture lexical
regularities and to code them into operational rules.
In this paper, we present the results of research, carried
out within a European project, concerning the design of
self-adaptive Named Entities Gazetteers in Information
Extraction.
Gazetteers are dictionaries of common proper nouns
grouped by category (e.g. airline, person first name,
organization, location, etc.). It is well known that, in
many sublanguages, proper nouns (PNs) represent a
significant percentage (20-30% and more) of the words
in a corpus.
Dictionaries of PNs are therefore essential to effective
understanding of language, at least so that they can be
recognized within their context as locations, products,
persons, etc. They take on a special significance in
many applications, especially where the name is central
to the application, such as in information systems
through automated telephone call handling, and in
information extraction for financial operators. The
importance of this task has been recognized within the
European Community, which recently funded projects
entirely dedicated to the task of Proper Nouns handling
(e.g. ONOMASTICA http://www2. echo.lu
/search97cgi/).

1 . 1 T h e  N a m e d  E n t i t y  r e c o g n i t i o n  t a s k 
The Named Entity recognition task is the problem of
identifying and semantically tagging proper nouns in
running texts. In terms of syntactic categories, PNs are
lexical noun phrases, that can be formed of primitive
proper names (Clinton) groups of proper names of
different semantic categories (Vice Chairman James T
Sherwin), and also of non-proper names (Jamaica
tourist board ). In the latter case, capital letters are
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optional, making the problem of PN items identification
even more complex.
In the literature, it is accepted that an adequate treatment
of proper nouns requires two complementary types of
evidence [McDonald, 1993]:

• the internal evidence, that can be derived from the
sequence of words (proper names and trigger
words, such as Inc., &, Ltd., Company, etc.).
Internal evidence is gained in almost all state-of-
art PNs recognizers by the use of large gazetteers
and lists of trigger words;

• the external evidence is the context of a proper
noun, that provides classificatory criteria to
reinforce internal evidence, or supply some
classificatory evidence when there is no internal
evidence. In fact, PNs form an open class, making
the incompleteness of gazetteers an obvious
problem.

1 . 2 S t a t e  o f  A r t  N a m e d  E n t i t y 
r e c o g n i z e r s 

In Information Extraction, the Named Entity recognition
task has been one of the main test cases for evaluating
competing systems in MUC contests. The highest
performing systems include large numbers of hand-
coded rules, or patterns, such as VIE [Humphreys
1996], the UMass system [Fisher et al. 1997] and
Proteus [Grishman et al. 1992], but lately a high
performance has been obtained by the use of statistical
methods. For example, Nymble [Bikel et al. 1997]
learns names using a trained approach based on a
variant of Hidden Markov Models. However, a 90%
success rate is reached at the price of manually tagging
around half a million words.
Yet, since PNs are mostly domain-specific, there is no
evidence that a similar performance may be obtained in
other languages and domains ohter than those
considered in the mentioned papers, if not at the price of
a similar effort for rule writing (or manual training), and
for the compilation of a high-coverage gazetteer. In any
case, since PNs form an open class, adaptable NLP
systems should provide automatic means to increase
system robustness against unknown items. A recent
study [Palmer and Day, 1997] established that the
baseline performances of the PNs recognition task for
several languages and application domains vary
between 34% and 71%. The lower bound is calculated
by considering a simple algorithm that recognizes PNs
on the basis of a list of frequent proper nouns seen in a
training set.
I n  t h i s  p a p e r,  w e  p r e s e n t  a  c o r p us - b a s e d  i nc r e m e n t a l 
m e th o d  to  u p da t e  a  P r o pe r  N ou n s  G a z e t te e r  w i t h 
m i ni m a l  m a n u a l  e f fo r t . 
T h e  g a z e t t e e r e x t e n s i o n i s  pe r f o rm e d  in  3  ph a s e s : 
I n  p h as e  o ne ,  P N s  a r e  d e t e c t e d  fr o m  a  L e a rn i n g 
C o rp u s  us i n g  a n  i ni t i a l G a z e t t e e r a n d  a  k e rn e l  of  P N s 
d e te c t i on  r u le s ,  a s  i n  m o s t  N a m e d E n t it y  r e c o g n iz e r s .
I n  p h as e  t w o ,  un r e c og n i z e d  P N s  a r e  s u b m it t e d  t o  a 

c o rp u s - ba s e d  m o d u le  f o r a u t om a t i c  u n k no w n  P N s 
c l a s s i f ic a t i on  ( U _ PN  t a gg e r ) .  T h e  U _ P N  t a gg e r 
c o mp u t e s  a  s ta t i s ti c a l  m e a s ur e  o f s y n ta c t i c  a n d 
s e ma n t i c  s i m il a r i ty  o f  a  g i ve n  U _P N  i n c o n te x t s , w i t h
r e s p e c t  t o  p re v i o us l y  re c o g ni z e d  P N s .  A  s e m a n ti c 
c a te g o r y i s  a s s i g ne d  t o t h e  u n k n ow n ,  ba s e d  o n  t hi s 
m e a s u r e .
T h e  c o r re c t l y r e c og n i z e d  P N s  a r e  t h e n  a d d e d t o  th e 
g a z e t te e r  (p h as e  3 ) ,  a n d  th e  t hr e e  ph a s e s  a r e 
r e pe a t e d,  u n ti l  t he  g l ob a l  pe r f o rm a n c e  o f  th e  s ys t e m 
b e c o m e s  s t a b le  ( i .e .  t he  U _ PN  t a gg e r  is  u n a b l e  to 
c l a s s i f y a n y  n e w  it e m ) .
S e c t i o n  2  d e s c r i b e s  t h e  o v e ra l l  a r c h i te c t u re  o f  t h e 
s y s t e m  a n d  t he  U _ PN  t a gg e r  a l g o r it h m . 
S e c t i o n  3  p r ov i d e s  a  d e t a i l e d  d i s c u s s io n  o f a n 
e x pe r i m e n t  p e r f o r me d  " in  t h e  l a r ge "  o n a  c or p u s  o f 
e c on o m i c  n e w s  ( t h e  I t a li a n  la n g u a g e  j ou r n a l
S o le 2 4 O r e ) .  I n  t hi s  e xp e r i m e nt ,  t he  G a z e t t e e r  a n d
r u le - b a s e  u s e d  i n  p h a s e  1  w e r e  i mp o r t e d  f r om  a n 
e x is t i n g E n g li s h  s y s t e m ( V I E)  a f te r  a  r a t h e r  " q ui c k " 
m a nu a l  a d a p t a t i o n  t o  t he  I t a l i a n  l a n g ua g e .  T h e 
e x pe r i m e n t  d e m o n s tr a t e s  t h a t,  a t  t h e  e n d  o f t h e 
i n c r e m e n t a l  a u to m a t ic  a d a p t a t io n  p ro c e s s ,  t h e  s y s te m 
r e a c h e s  t h e  pe r f o rm a n c e  o f  s t a t e -o f - t he - a r t I E 
s y s t e m s  ( a r o un d  9 0%  p r e c i s i on ) ,  w i t h  a  2 0 %  i n c r e a s e 
i n  p e r f or m a n c e  w i th  r e s p e c t  t o  t ho s e  ob t a i ne d  u s i n g 
o n ly  t h e  i n i ti a l  (n o n - a d a p t e d )  s ys t e m .
W e  t h e n  r e p l ic a t e d t h e  e x p e ri m e n t o n  th e  E ng l i s h
l a n g u a g e  W a ll  S t r e e t  J o u r n al . 
I n  t h e  En g l i s h  e x pe r i m e n t ,  w e  u s e d  a n  o n - l in e 
l i ng u i s ti c  r e s o u r c e ,  t he  W o r d N e t  w or d  s e n s e 
t a xo n o m y [ B e c k w i t h e t  a l .  1 99 3 ]  (n o t  a v a i l a b l e  in 
I t a l i a n ),  t o  i n v e s t i g a te  t h e  e f f e c t  o f g r a du a l l y
g e ne r a l iz i n g  t h e  no t i o n o f  c o n t e xt u a l  s i m i la r i t y. 
T h e  o b j e c t i v e  o f  th i s  s e c o n d e x p e r i m e nt  w a s  t o 
i n c r e a s e  t h e  e v i d e n c e  of  r a re l y  oc c u r ri n g  pa t t e rn s  b y
" c a u t i o us "  c on t e x t e x p a n s i o n. 

2 A  m e t h o d  f o r  a u t o m a t i c  g a z e t t e e r 
e x t e n s i o n 

T h is  s e c t i o n  d e s c ri b e s  t h e  me t h o d f o r  a u t o ma t i c 
u n k n ow n  P ro p e r  N o u n s  c l a s s i f i c a t i o n ( h e re a f t e r 
U _ PN  t a g g i ng )  a nd  i n c r e m e nt a l  e x t e n s i o n  of  a  P N s 
g a z e t t e e r . 

2 . 1 L e a r n i n g  f r o m  c o r p u s  t y p i c a l 
c o n t e x t s 

T h e  o b j e c t i v e  o f  th e  i ni t i a l l e a rn i n g  p h a s e  i s  to 
a c qu i r e  f r o m  t h e  a p p l i c a t i o n c o r pu s  e xa m p l e s  o f 
t y pi c a l  P N s  c o n te x t s , o r d e r e d  by  c a te g o r y t y p e . 
C o nt e x t  l e a r ni n g  re q u ir e s  s o m e  s t a n d a r d  N LP  t o ol 
a n d a  N a m e d  En t i t y r e c o g ni z e r . T h e  N E  r e c o g n iz e r 
n e e d s  n ot  b e  t u n e d t o  th e  a p p l ic a t i on  c o rp u s ,  n o r h i g h
c o ve r a g e ,  o r  t h i s  w o u l d b e g  t h e  qu e s t io n  o f s e l f- 
a d a p t a b il i t y . H o w e v e r ,  i t  s ho u l d  b e  a bl e  t o c a p tu r e  a t 
l e a s t  " s o m e "  e x a m pl e s  of  e a c h  P N  c a t e go r y .  I n  o ur 
s y s t e m ,  s t a n da r d  P N s  a r e  r e c o gn i z e d u s i ng  t h e  V I E 
N a me d  E nt i t y  r e c o gn i z e r. 
I n  V I E ,  P N s  a r e  i d e n ti f i e d u s i ng  a  ga z e t te e r , 
s t ru c t u re d  i n f i l e s  a n d r e l a t e d  li s t s  o f  t ri g g e r w o r ds 
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f o r e a c h p r o pe r  n ou n  c a t e g o ry  ( e .g .  " G u l f "  f o r 
L o c a t i o n,  o r  " A s s oc i a t io n "  fo r  O rg a n i z a t i o n) . 
A  c o n t e xt - s e ns i t i ve  g r a m m a r  i s  u s e d  t o p a r s e  p r op e r 
n o un s  i n c o n te x t s . A t  th e  e nd  o f  t h i s  p h a s e ,  “ s om e ” 
P N s  a r e  r e c o gn i z e d a n d  c l a s s i f i e d,  d e pe n d i ng  u p on 
t h e  s i z e  o f  th e  g a z e t t e e r ,  a n d  t he  c o ve r a g e  o f  th e 
c o nt e x t -s e n s it i v e  g r a m ma r . 
A f te r  N E t a g gi n g ,  s y n t a c t i c  p r o c e s s i n g i s  a p p l i e d 
o v e r  t h e  c o r pu s . 
T h e  o b j e c t i v e  i s  to  l e a r n  t yp i c a l P N s  c o n te x t s ,
o r de r e d  b y  c a t e g o ry .  A  s h a l lo w  p a r s e r  e x t r a c t s  fr o m 
t h e  l e a rn i n g  c o r p us  e l e m e n t ar y  s y n t a c ti c  r e l a t i on s 
s u c h  a s  s u b j e c t - o bj e c t , n o u n- p r e po s i t io n - n ou n ,  e t c . 
A n  e l e m e n t ar y  s y n t a c t i c  li n k  ( he r e a ft e r  e s l)  is 
r e pr e s e nt e d  a s : 

e s li ( w j ,  m o d ( t y p e i , w k ) ) 

w h e r e  w j  i s  t h e  h e a d  w o r d , w k  i s  t h e  m o d i fi e r ,  a n d 
t y pe i  i s  t h e  t y p e  o f  s yn t a c ti c  r e l a t i on  ( e .g .  N _P P : 
n o un - p r e p o s i ti o n - no u n ,  N _ V :  s u b j e c t - v e r b ,  V _ N : 
v e rb - d i re c t  ob j e c t,  e t c . ) . 
I n  o u r  s t u d y , t h e  c o nt e x t  o f a  w or d  w  i n a  s e n t e n c e  S 
i s  r e p r e s e n t e d  b y  t h e  e s ls  i n c l u d i ng  w  a s  o n e  o f  i ts 
a r gu m e nt s .  Th i s  no t i o n i s  ra t h e r r e s tr i c t e d  ( t he  l a rg e 
m a jo r i t y o f  w o r k s  i n  t hi s  a re a  u s e  t h e  s e t  o f  w or d s  in 
a  mo r e  or  l e s s  n a rr o w  w i n d o w  a r o un d  w ) ,  h o w e ve r , 
a s  p r o v e d  i n  o u r  pr e v i ou s  w or k ,  s y n t a c t i c  c o n t e xt s  a re 
f a r m o r e  r e l i a b le  i n di c a t or s . 
A f te r  c or p u s  p a r s in g ,  th e  e s ls ,  i nc l u d in g  s e m a n t ic a l l y
c l a s s i f ie d  P N s  a s  on e  o f i t s  a r g u me n t s , a r e  g r o u pe d  i n
a  da t a b a s e ,  c a l l e d P N _e s l .  Th i s  da t a b a s e  p ro v i d e s 
c o nt e x t u a l  e v id e n c e  t o  a s s i g n a  c a t e g o ry  t o  u n k n ow n 
P N s . 
A n ot h e r  d a t a ba s e ,  U _ PN _ e s l,  in c l u de s  a ll  t h e  e s ls 
w i th  a n  u n k n ow n  p ro p e r  n o u n .

2 . 2  C l a s s i f i c a t i o n  o f  u n k n o w n  P N s 

T h e  a l g or i t h m f o r  u n k n ow n  p ro p e r  n o u n s 
c l a s s i f ic a t i on  w o rk s  a s  f o l lo w s : 
l e t U _ PN  b e  a n  un k n o w n  p r op e r  no u n ,  i . e .  a  s i ng l e 
w o rd  o r  a  c o mp l e x  n o m i na l .  Le t  C p n  =  ( C p n 1,  C p n 2, 
. . .,  C p n N )  be  t h e  s e t  o f  s e m a n t ic  c a te g o r ie s  f or  p r op e r 
n o un s  ( e . g .  Pe r s o n,  O r ga n i z a t i o n , P r o du c t  e t c . ) .
F i na l l y , l e t  E S L  b e  t h e  s e t  o f e s ls  i n U _ PN _ e s l t ha t 
i n c l u d e  U _ PN  a s  o n e  o f  i ts  a r gu m e n ts . 
F o r e a c h e s li  i n E S L  l e t : 

e s li ( w j , m od ( t y pe i , w k ) ) = e s li ( x , U _ P N ) 

w h e r e  x = w j  o r  w k  a nd  U _ PN = w k  o r w j ,  t yp e i  i s  t h e 
s y n t a c t i c  ty p e  of  e s l,  a n d f u r th e r  le t : 

p l (e s l i  ( x ,  U _ PN ) ) 
b e  t h e  p l au s i b il i t y  o f a  d e t e c t e d  e s l.  T h e  p l a us i b i li t y 
i s  a  m e a s u r e  o f  t he  s t a t i s t ic a l  e v i d e nc e  o f a  d e t e c t e d 
s y nt a c t ic  r e la t i o n [ B a s i l i  e t  a l ,  19 9 4 ] , [ G r is h m a n a n d 
S t e r l i n g,  1 9 92 ] ,  th a t  de p e n ds  u p on  l o c a l  ( i. e .  a t  t h e 
s e nt e n c e  l e v e l )  s yn t a c ti c  a mb i g u it y  a nd  g l ob a l  c or p u s 
e v id e n c e . 
F i na l l y , l e t :

• - ESLA be a set of esls in PN_esl defined as
follows: for each esli(x, U_PN) in ESL put in
ESLA the set of eslj(x,PNj) with typej=typei, x in
the same position of esli, and PNj a known proper
noun, in the same position as U_PN in esli,

• - ESLB be the set of esls in PN_esl defined as
follows: for each esli(x, U_PN) in ESL put in
ESLB the set of eslj(w,PNj), with typej=typei, w
in the same position of x in esli, Sim(w,x)> ε, and
PNj a known proper noun, in the same position as
U_PN in esli. Sim(w,x) is a similarity measure
between x and w.

I n  o u r  e x p e r im e n t s ,  S i m( w , x) >  ε  i f f w  a nd  x  ha v e  a 
c o mm o n  h y pe r o n ym  H  in  W o rd N e t . T h e  g e n e ra l i t y o f 
H  (i . e .  t h e  nu m b e r o f  le v e l s  L  f ro m  x  t o  H  ) i s  ma d e 
p a ra m e tr i c ,  t o  a na l y z e  t h e  e f f e c t  o f  g e n e ra l i z a t i o n .
F o r e a c h s e m a n t i c  c a t e go r y  C p n j c om p u t e 
e v id e n c e ( C p n j )  a s : 

evidence(Cpnj )=
weightij (x) ⋅ D(x ,C(PN j ))

esl i∈ESLA ,C (PNj) =Cpnj

∑
weight ij (x) ⋅ D(x, C(PNj ))

esli ∈ESLA

∑ +

weightij (w) ⋅D(w, C(PN j))
esli∈ESLB ,C ( PNj )=Cpnj

∑
weightij (w) ⋅ D(w, C(PNj ))

esli∈ESLB

∑

w h e r e : 
α  a n d β  a re  p a ra m e t ri c ,  a n d  c a n  b e  u s e d  t o  s tu d y  th e 
e v i d e nc e  p ro v i d e d  b y  E S L A  a nd  E S L B ,  a n d 
D ( x , C p n j)  is  a  s m o o t hi n g  fa c t o r u s e d t o  de t e r mi n e  th e 
s a li e n c y  [ Y a ro w s k y 1 9 9 2]  o f  a  c o nt e x t  e s li  ( x,  _ )  f o r 
a  c a t e g or y  C p n j,  i. e .  ho w  g oo d  a  c o n t e x t  i s  a t 
d i s c r i m in a t i ng  b e t w e e n  C p n j a nd  t h e  o t h e r 
c a te g o r ie s 1. 
F u rt h e r mo r e : 

weightij (x) = weightij (esli (x ,PNj)) =

pl(esli( x,PNj)) ⋅ (1−
amb(x)− 1

2k − 1
)

weightij (w ) = weightij (esli (w ,PNj)) =

pl(esli(w, PNj)) ⋅ (1−
amb(w) −1

k −1
)

w h e r e  a m b( e s l( x ,  PN j ) )  i s  t h e  a m b i g ui t y  of  x  in  e s li . 
T h e  i n t e n d e d  e f f e c t  o f  t h e  c o n s t a n t  f a c t o r  k 
( e xp e r i me n t a ll y  d e t e r m in e d )  i s  t o g r a du a l l y r e d uc e 
t h e  i n f lu e n c e  o f  a m b i gu o u s  w o r d s .  T h e  s m o ot h i n g i s 
t u ne d  t o b e  hi g h e r i n  E S L B .  Th e  s e l e c t e d  c a te g o r y
f o r U _ P N  i s : 

C = a r gm a x ( e v i d e n c e ( C p n k ) ) = m a x j ( e v i d e n c e ( C p n j) ) 

                                                
1 For example, a subject_verb phrase with the verb make
(e.g. Ace made a contract..) is found almost with equal
probability with Person and Organization names
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W h e n  g r ou p i n g a l l  e v i d e n c e  of  a  U _ P N  in  t h e  c o r pu s , 
t h e  u n d e r l y i ng  h y po t h e s i s  i s  t h a t,  i n  a  g i ve n 
a p pl i c a ti o n ,  a  P N  h a s  a  u n iq u e  s e n s e .  Th i s  is  a 
r e a s o n a bl e  r e s t r i c t i o n  f o r  Pr o p e r N o u ns ,  s up p o r te d  b y
e m pi r i c a l  e v id e n c e ,  t h ou g h  w e  w o ul d  b e  m o r e 
s c e p t i c a l  a b ou t  t he  a p pl i c a bi l i t y o f  th e  o ne - s e ns e - p e r - 
d i s c o u r s e  p a ra d i g m [ G a le  e t  a l .  19 9 2 ]  t o  g e n e r i c 
w o rd s . 
N o ti c e  th a t  th e  f or m u l a  o f  th e  e vi d e n c e  h a s  s e v e r a l 
s m oo t h i ng  f a c t o r s  t h a t  w o r k  t o g e th e r  to  r e du c e  th e 
i n fl u e n c e  o f  u n r e li a b l e  c o n te x t s  a n d  in c r e a s e  t ha t  o f
t h e  m o s t r e l ia b l e  o n e s .

2 . 3  I n c r e m e n t a l  u p d a t i n g  o f  t h e  N a m e d 
E n t i t y  G a z e t t e e r 

T h e  i n c r e m e nt a l  pr o c e s s  f or  g a z e t t e e r  a d a p t a t io n 
r e q u ir e s ,  b e s i de s  t he  a p pl i c a ti o n  c o r p u s ,  a  ma n u a ll y 
t a gg e d  Te s t  c o r p u s ,  u s e d  t o  h a l t  t h e  pr o c e s s  w h e n 
p e rf o r m a n c e  be c o m e s  s t a b l e . 

• Phase one: some PNs are detected using the
gazetteer and contextual rules. The performance
of this phase is measured on a Test Corpus.

• Phase two: unrecognized PNs are submitted to the
U_PN tagger for automatic unknown
classification. The local performance of the UP_N
tagger is measured on the Test Corpus

• Phase 3: the PNs classified in Phase1 and Phase 2
are added to the gazetteer

T h e  t h r e e  p h a s e s  a r e  r e p e a t e d ,  u nt i l  th e  U _P N  t a gg e r 
i s  u n a b le  t o  c l a s s i f y  ne w  i te m s .  N o t i c e  t h a t  t h e  T e s t
c o rp u s  is  u s e d  a s  a  p r e d i c t or  o f  s y s t e m  p e rf o r m a n c e 
o v e r  t h e  a p p l ic a t i on  c o rp u s .  I f  i n P h a s e  3  e r r o r s  a r e 
n o t t o l e r a t e d,  a  ma n u a l s u p e r v i s io n  i s  n e c e s s a r y. 

3 .  E x p e r i m e n t a l  d i s c u s s i o n 

I n  t h i s  s e c t io n  w e  d e s c r i b e  t w o  e x p e r im e n t s .  T h e  f i r s t 
i s  p e r f or m e d  o n  a  c o r p us  o f  e c o n om i c  ne w s  in  I t a l i a n 
( t he  S o le 2 4 O re  c o rp u s ) . T h i s  e x p e r i m e nt  c l os e l y 
f o ll o w s  t h e  th r e e  p h a s e s  d e s c r i b e d  i n  s e c t io n  2 .3 ,  b ut 
t h e  n o t io n  o f w o r d s i m il a r i ty  u s e d  t o  c o m p ut e  t he  s e t
E S L B  i s  l i m it e d  to  s t ri c t  s y n o n ym y . 
I n  t h e  s e c o n d e x p e r i m e nt  w e  e x p l or e  t he  e f fe c t  of 
g r a d u a l ly  g e ne r a l iz i n g  t h e  no t i o n o f  w o r d  s i m i l a r i t y ,
u s in g  t he  E n gl i s h  W a l l  S t r e e t  J o ur n a l  c o r p us  a n d t h e 
W o rd N e t  w o r d  s e n s e  h i e ra r c h y.  F i gu r e  1 i l l us t r a te s 
a n  e x a m pl e  ( fr o m  th e  E ng l i s h c o r pu s ,  fo r  s a k e  o f
r e a d a b i li t y )  o f  U _P N  t a g g i n g,  f o r t h e  P N  A n go l a . 
I n  t h e  So l e 2 4O r e  e x p e r im e n t , w e  us e d  a  L e a rn i n g 
C o rp u s  of  5 0 0, 0 0 0  w o r d s  o f  e c o n o mi c  a nd  f i na n c i a l 
a r ti c l e s  a n d  a  T e s t  C o rp u s  of  1 1 ,4 8 8  w o r d s , o f  w h i c h 
3 5 5 a r e  p r o p e r  n o un s  ( 61 9  w he n  c ou n t e d w i t h t h e ir 
f r e q u e n c y ) .  Th e  p ro p e r  n o u n s  b e l on g  t o o n e  o f  t hr e e 

c a te g o r ie s :  Pe r s o n,  O r ga n i z a t i o n  o r  L oc a t i on ,  t ho u g h 
9  c a t e g or i e s  a r e  c o n s i de r e d  i n  t ot a l 2. 

PROPER NOUN: Angola

1.000 G_N_P_N base in Angola 0
--------------------------------------------
ESLA= 2.000 G_N_P_N base in Philippines 2
ESLA= 1.000 G_N_P_N base in U_._S_. 2
ESLA= 1.000 G_N_P_N base in Tennessee 2
ESLB= 1.000 G_N_P_N home in Colorado 2
ESLB= 1.000 G_N_P_N home in Seattle 2
ESLB= 0.500 G_N_P_N root in England 2

1.000000 G_V_P_N remove from Angola 0
----------------------------------------------
ESLB= 1.000 G_V_P_N take from Canada 2
ESLB= 0.333 G_V_P_N take from William 3
ESLB= 1.000 G_V_P_N take from Mr_._Berry 3
ESLB= 1.000 G_V_P_N transfer from Chicago 2
ESLB= 1.000 G_V_P_N transfer from Japan 2

α: 0.70 β: 0.30

NUM CLASS     SUM_ESLA  SUM_ESLB  EVIDENCE
--- --------  --------  --------  --------
1   ORGAN     0.000000  0.981282  0.049176
2   LOCATION  5.978947  9.919980  0.704194
3   PERSON    0.000000  4.921385  0.246630

Max ev. category: LOCATION

F i gu r e  1 -  A n e x a mp l e  of  U _ PN  t a gg i n g 

I n  T a b l e  1  t he  f r e q u e n c y  d i s t r i b ut i o n  o f  P N s  i s 
s h ow n .  It  i s  s e e n  t h a t  t h e  la r g e  m a j o ri t y  (2 6 5 )  h a s 
o n ly  1  oc c u r r e nc e . 

F r e q u e n c y #  P N s
1 2 6 5

2 - 4 6 9 
5 - 9 1 4 
> 9 4 

T a bl e  1  -  F r e q u e n c y  d i s t r i b ut i o n  o f  U _P N 

W h e n  r u nn i n g  t h e  s h a l l ow  p a rs e r  ov e r  th e  L e a r n i ng 
C o r p u s  4 3 , 84 7  P N s  a r e  r e c o gn i z e d,  p o s s i b l y w i t h
e r ro r s  du e  t o o v e r p r o du c t i vi t y  of  t h e  g r a mm a r  ru l e s 
( l in g u i s t i c  pr o c e s s i n g  o v e r  t h e  Le a r n in g  C or p u s  i s  n o t
c h e c k e d  f o r  c o r r e c t n e s s ,  b u t s o m e  o v e r p r o du c t i vi t y 
p h e n o m e no n  w a s  o b s e r v e d i n  th e  T e s t  C or p u s ).  T h e 
s e t P N _e s l  i nc l u d e d  7 0 ,0 7 0  d i ff e r e nt  e s ls .  W e  t h e n
u s e d  t h e  T e s t C o r pu s  t o v e r if y  t he  p e rf o r m a n c e  of  t h e 
s y s t e m  be f o r e  a n d  a f t e r U _ PN _ t a gg i n g  i n  a n
i n c r e m e nt a l  w a y . 

                                                
2 The categories used are those of MUC, with the addition
of Product and Other. In practice, however, categories like
Date, Percent, etc. are recognized rather well through the
use of specific context free grammars, since they are
productive phenomena. The category Product is almost
absent in the fragment of Sole24Ore we used.
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F i gu r e  2 i l l us t r a te s  t he  r e s u l t s  o b t a in e d  w i t h  3 r u n s  o f 
t h e  i n c re m e n ta l  m e t h o d , o v e r t h e  T e s t  C o r p us . 
A f te r  P ha s e  1,  t h e  s y s te m  c la s s i fi e s  P N s  i n  th r e e  s e t s :
A ,  th e  s e t  o f  c o r r e c t l y  c l a s s i f i e d P N s ,  A 1 ,  th e  s e t  o f 
i n c o r r e c t l y  c l a s s if i e d  P N s  a n d  G ,  th e  s e t  o f  u n k n ow n 
P N s .  I n  P h a s e  2 ,  th e  U _P N  t a gg e r  do e s  no t  a s s i g n  a  t a g
o n ly  i f n o  e s ls  a r e  f o u nd  f o r t h e  U _ P N : i n  fa c t ,  c e r t a i n 
e s ls  w i th o u t  a n y  in f o r ma t i o n c o n te n t  a r e  r e m o v e d ( f o r
e x a m p l e  a u x i l ia r i e s ) . 
I t  c a n  be  i m me d i a te l y  s e e n  th a t  th e  p e r f o r ma n c e  o f  t he 
m e th o d  is  s a tu r a t e d  a t  t h e  s e c o n d r u n  ( 8 8 . 7% ,  9 1% 
w h e n  P N s  a r e  w e i g ht e d  w i t h  fr e q u e n c y ) . I n  R u n  # 2, 
P h a s e  1 , t h e  p e r f or m a n c e  ( C  a nd  E )  ha s  a  s h a r p
i n c r e a s e  w i t h r e s p e c t  t o t h e  s a m e  v a l u e s  i n  R u n  #1 ,  b y
v i rt u e  of  t h e  g a z e t te e r s  u p d a te  ( 6 0 n e w  c o r r e c t l y  t a g g e d 
P N s  a r e  a d d e d t o  th e  g a z e t t e e r s ) . O n l y 1 9  P N s  r e m a i n 
u n kn o w n  a f t e r P h a s e  1  of  R u n # 2 ,  a n d  a r e  a ga i n  fe d  t o
t h e  U _ P N  t a gg e r .  O f  t he s e ,  6  c a nn o t  be  a s s i g n e d t o  a n y 
c l a s s ,  be c a u s e  t h e r e  i s  n o  e v i d e nc e  i n t h e  l e a r ni n g 
c o rp u s  of  s i mi l a r  p a t t e r n s .  O f  t he  r e ma i n i ng  1 3 , o n l y
o n e  a d d it i o n a l  P N  i s  c or r e c tl y  c la s s i fi e d .  L o o k in g  a t t h e 
d a ta ,  t he  1 2  m i s c l a s s i f i e d P N s  a p p e a r  t ru e  " ha r d  c a s e s ". 
T h e  c o n te x t u a l  e v id e n c e  i s  re p r e s e n t e d b y  a  l i m it e d 
n u mb e r  of  " w e a k "  e x a m p le s  ( of t e n  j u s t  o n e ) , f o r 
e x a m p l e , l o c a t i v e s ,  a s  i n  A a r h u s  in  D a ni m a r c a  ( A a r h u s 
i n  D e n m ar k ) 
I n  g e n e ra l ,  lo c a t iv e  p hr a s e s  i n  P N _e s l  h a ve  a  lo w 
d i s c r im i n a ti n g  fa c t o r f o r  t h e  un k n o w n  P N .
F u rt h e r mo r e ,  t h e  da t a b a s e s  P N _e s l  a nd  U _ PN _ e s l
i n c l ud e  s yn t a c ti c  n oi s e ,  s i n c e  t h e y a r e  n o t  ma n u a ll y 
i n s p e c t e d . T h i s  m e a ns  t h a t ,  e s p e c i a l l y  w h e n  a  P N 
o c c u r s  on c e  a n d  t he r e  is  a  li m i t e d  e v id e n c e  o f  s i m i l a r 
p a tt e r n s  i n  P N -e s l,  no i s y  e s ls  c a us e  m is c l a s s i f i c a t i o n. 
W h il e  w is d o m  w o u l d s u g ge s t  a v o i d in g  a  c h o i c e  w h e n 
o n ly  o n e  e x a mp l e  is  f o un d ,  on e  s uc h  p ol i c y  w o u l d
d r a m a ti c a l ly  l o w e r  t he  r e c a l l  of  t h e  s y s te m ,  s i n c e  m o s t 
u n k n ow n s ,  a s  s ho w  i n T a b le  1 ,  h a v e  o n l y  o n e 
o c c u r r e nc e . 
A n  a l t e rn a t i ve  c h oi c e  is  t o  i n c r e a s e  th e  e vi d e n c e  o f  r a r e 
p a tt e r n s  b y  ge n e r a l i z i ng  t h e  n o t io n  o f s i m il a r i ty  i n 
E S L B . 

T o  e v a l ua t e  th e  e ff e c t  o f  g e n e r a li z a t io n  o n p e r fo r m a nc e , 
w e  p e r f or m e d  a  s e c o n d  e x p e r im e n t  u s i n g W o rd N e t  a n d 
a n  E n g l is h  c or p u s , t h e  W a l l  S t r e e t  J o ur n a l  ( W o rd N e t  i s 
n o t a v a il a b l e  i n  It a l i a n ) . 
I n  t h e  W a l l  St r e e t J o u rn a l  c o r p u s ,  w e  d e t e c t e d  (u s i n g
V I E)  8 , 71 2  P N s  i n s ta n c e s  b e l on g i n g t o  on e  o f t h e  t h r e e 
m a in  s e ma n t i c  c a t e g o r i e s :  O rg a n i z a t i o n,  L o c a t i o n o r 
P e r s o n.  T h e  f r e qu e n c y d i s tr i b u ti o n  is  t h e  f o l lo w i n g: 

Freq. NPs  %
3779 43
2269 26
2082 24

1
2

3-9
≥10 582 7

W h il e  t he  c a te g o r y d i s tr i b u ti o n  is : 

Cat. NPs  %
2890 33
514 6

1(Org)
2(Loc)
3(Per) 5308 61

W e  s e l e c t e d  a  t e s t s e t  o f  2 50  P N s ,  th a t  re p r o du c e  th e 
f r e q u e n c y  a n d  c a t e g o ry  d i s t r i b ut i o n  o f  t he  c o rp u s .  W e 
r e m o ve d  t he s e  25 0  P N s  f r o m t h e  g a z e tt e e r , a n d  t h e n  w e 
m e a s u r e d t h e  p e r f or m a n c e  o f  t h e  U _ P N  t a gg e r  a t 
r e c l a s s i fy i n g  t h e m  c o r r e c t l y .
T a bl e  2  s u m m a r i z e s  t h e  r e s u lt s .  Ea c h  ro w  s ho w s  th e 
r e s u lt  o f  a n  e xp e r i me n t  pe r f o rm e d  w i t h  a  c e r ta i n  le v e l 
o f  g e n e ra l i z a t i o n  L ,  i nd i c a te d  i n t h e  f i r s t c o l um n  o f t h e 
T a b l e .  L = 0 m e a ns  " n o g e n e r a l i z a t i o n" ,  e .g .  o nl y  E S L A 
i s  u s e d  i n  t he  e v id e n c e  f o r mu l a .  L = 1  me a n s  t h a t  i n 
E S L B  o nl y  t he  s t ri c t  s y n o n ym s  a re  u s e d  ( a s  f o r  t h e 
S o le 2 4 O re  e x pe r i m e n t ) ,  a n d  th e  s ub s e q ue n t  nu m b e rs 
r e pr e s e nt  i n c r e a s i n g g e n e r a l i z a t i o n l e v e l s  L .
T h e  t a b le  s h ow s  t ha t  i nc r e a s i n g  th e  e vi d e n c e  o f  s i m i la r 
p a tt e r n s  t h r ou g h  ge n e r a l i z a ti o n  pr o d u c e s  a n i n c re a s e  o f 
p e rf o r m a n c e  (e s p e c i a l l y r e c a l l )  up  t o  t h e  fi r s t  t w o  le v e l s 
o f  g e n e ra l i z a t i o n  ( 0  a nd  1 ) .
F u rt h e r  g e n e ra l i z a t i o n  c a u s e s  a  dr o p  in  p e rf o r m a n c e s ,
c l e a r l y  d u e  to  t h e  n o i s e  p r od u c e d b y  s e m a n ti c 
a m bi g u i ty  ( W o rd N e t  i s  h ig h l y  a m b i gu o u s ). 

(PNs are not frequency weighted)

A B C D E F G H I J K L
Run #1 239 355 67.32% 339 70.50% 60 83 72.29% 75 80.00% 84.23% 88.20%
Run #2 298 355 83.94% 337 88.43% 1 19 5.26% 13 7.69% 84.23% 88.72%
Run #3 299 355 84.23% 337 88.72% 0 18 0.00% 12 0.00% 84.23% 88.72%

Legenda

A: PN correctly tagged at the end of Phase 1 in the Test Corpus
B: Total PNs in the Test Corpus
C: Recall after Phase  1 (A/B)
D: Total PNs detected at the end of Phase 1 (D = A+A1 (errors)+G (unknown))
E: Precision after Phase 1 (A/D)
F: U_PN correctly tagged after phase 2 in the Test Corpus
G: Total U_PN at the end of Phase  1
H: Local recall of U_PN tagger (Phase2)  (F/G)
I: Total U_PN for which a decision was possible by the U_PN tagger
J: Local precision of the U_PN tagger
K: Recall after Phase 2 (A+F)/B

Figure 2 - Global Performance of the Gazetteer Adaptation method (Sole24Ore)
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T h e  e f f e c t  o f c o n te x t  ge n e r a l i z a ti o n  on  t h e  p e r fo r m a nc e 
o f  u n k n ow n  P N  t a g gi n g  (a n d  on  o t he r  N LP  t a s k s )  is  a n 
i s s u e  t ha t  d e s e r v e s  m u c h  m o re  d i s c u s s io n ,  om i t t e d  h e re 
f o r s a k e  o f  s p a c e . F o r t h e  p u r p os e  o f t h i s  p a p e r ,  i t i s 
i n t e re s t i ng  t o  n o t e  t h a t  t h e  pe r f o rm a n c e  o f  ou r  m e t h o d  i s 
a l mo s t  th e  s a m e  i n t w o  d i f f e r e n t  l a n g ua g e s  a n d  do m a i ns 
( 8 0%  a n d 8 1 . 1%  p r e c i s i on  o f  U _ P N  t a g g in g ,  in  t h e 
c o m p a ra b l e  c a s e  o f  L = 1 ) ,  a n d  f ur t h e rm o r e  c a n  be 
i m pr o v e d t h r ou g h  a  " c a ut i o u s "  u s e  o f  c o n t e xt 
g e ne r a l iz a t i on . 

4 .  C o n c l u d i n g  R e m a r k s 
We believe that self-adaptability to languages and domains
is a challenge for next-generation NLP systems.
In this paper we presented a method for automatic
adaptation of Proper Noun Dictionaries.
The proposed tagging method shows very good
performances on two languages and domains, and is easily
reproducible. Of course, the one-sense per domain
hypothesis, which is realistic for PNs, contributes to the
good performance of the method, in that we can reliably
group all the contexts in which the U_PN appears in the
test corpus, and use these collective contexts to determine
similarity with already classified PNs. Noise in data is
originated by the ambiguity of words in U_PN contexts,
but not (or rarely so) by the U_PN itself.
In the future, we plan to extend the method to the task of
unknown common noun tagging. Unknown common nouns
are often rare or technical words, therefore the one-sense
hypothesis could still be applied.
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Generality (L) Tot. Prec Tot. Rec. Prec. Org Rec. Org Prec. Loc Rec. Loc. Prec. Pers. Rec. Pers
0 80.60 75.20 80.70 75.90 92.30 85.70 79.50 73.80
1 81.10 77.60 85.00 81.90 92.30 85.70 78.00 74.50
2 82.50 79.20 88.70 85.50 92.30 85.70 78.20 75.10
3 81.40 78.80 87.50 84.30 92.30 85.70 77.10 75.10
4 80.60 78.40 87.50 84.30 92.80 92.80 75.80 73.80

Table 2 - Performance of the U_PN tagger when increasing the level of generalization (Wall Street
Journal)


