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Ou t lin e

● Two vers ion s  of a  ru le based  NER 
sys tem :
lexem at ic versu s  fu n ct ion al

● Id en t ificat ion  of n am e ch ain s : Nam e p ar t  
m ap p in g an d  d isam bigu at ion

● Sem an t ic class ificat ion : Lexical vs . 
con textu al

● Microm ap p in g an d  m acrom ap p in g
● Evalu at ion  resu lt s
● Persp ect ives



In t rod u ct ion
● State- of- the- ar t  NER system s often  use lexical and  

gram m at ical in form at ion , as  well as  ext ra- textual gaz eteer  
knowled ge

● BUT: Most  d o so in  a fram ework of data- driv en s tatis tical 
learning  (HMM, Maxim um  En trop y, Mem ory based  or  
Transform at ion  based  learn ing)

● While th is  is  fine where language  independence  is  d es ired  
(e.g. CoNLL shared  tasks 2002 & 2003), language- s pecific  
sys tem s or  subsystem s m ay well p rofit  from  exp licit  
linguist ic knowled ge (i.e. Hand - writ ten  ru les  or  lexica), e.g. 
Johannesen  et  al. 2005 (CG),  Petas is  2004 (hum an  ru le-
m od ificat ion )

● The system  p resen ted  here (PALAVRAS- NER) is  an  ext rem e 
case, s ince it  is  en t irely based  on  hand - writ ten  ru les , both  
locally and  globally (sen tence con tex), not  on ly in  assign ing 
gram m at ical tags  for  use by the NER system , bu t  also with in  
the lat ter  it self



Previou s  work: Pal- 1  NER

● Based  on  a syn tact ic CG p arser  (PALAVRAS)

● NER- m od ule for  PROPOR '03, Linguateca's  avalia- SREC 
(03)

● 6 basic nam e categories  (recom m end ed  by Nom en  
Nescio p roject )

● Nam es as  MWEs (with  categories  assigned  to the whole, 
not  the p arts)

● Category assignm ent  (for  later  CG- d isam biguat ion ) at  3 
levels

– Known lexical en t r ies  and  gaz eteer  lis t s  (ca. 17.000)

– Pat tern - based  nam e typ e p red ict ion  (m orp hological 
m od ule)

– Context - based  nam e typ e in ference for  unknown 
word s



Core ch an ges  in  Pal- 2  NER

● Exten s ion  to  over  40  NER categor ies  (vs . 
6 / 20)

● Ch an ge from  lexem e- based  to  a  token -
based  d escr ip t ion : fu n ct ion al an d  
con text - d ep en d en t  categor ies  ra th er  
th an  s tab le lexem at ic categor ies

● As a con sequ en ce – su bs tan t ia l ch an ges  
in  th e ru le bod y, as  well as  rem ap p in g of 
a lso  lexically kn own  m ater ial

● Pat tern - based  n am e ch ain  recogn it ion  
n ow en h an ced  by ru le- based  n am e-
ch u n kin g



NE recogn it ion  as  MWE 
recogn it ion● With  the excep t ion  of sen tence- in it ial p osit ion  (PoS 

d isam biguat ion  p roblem ), NE id en t ificat ion  m eans MWE 
recogn it ion

● Pal- 1: p rep rocessor token isat ion , 
Pal- 2: d ynam ic, gram m ar- based  token isat ion :
- - >  1. p at tern  guess  
  - - >  2. lexicon  check 
      - - >  3. MWE cand id ate p arts  are analysed  ind ivid ually 
(PoS, m orp hology, sem an t ic p rototyp e), allowing 
con textual chain ing with  BEGIN (@p rop 1) and  CONTINUE 
(@p rop 2) tags

● Ad van tages:
1. Analyz er  can  “conclud e” gend er and  num ber from  

p art s  
2. a sp ecial gram m ar can  change the very com p osit ion  

of a nam e MWE, by rem oving, ad d ing or  rep lacing @p rop 1 
and  @p rop 2 con t inuat ion  tags
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Nam e p ar t  m ap p in g ru les

Pal- 2 can  p rogress ively increase the length  of a half-
recogn iz ed  NE chunk in  a gram m at ically found ed  and  
con text - sensit ive way by

● Ad d ing con juncts : Doencas In fecciosas e Parasitárias
MAP (@p rop 2) TARGET (KC) (- 1 < p rop 2>  LINK 0 ATTR) 
(1 < *>  LINK 0 ATTR) MAP (@p rop 2) TARGET < *>  (0 
ATTR) (- 1 KC) (- 2 < p rop 2>  LINK 0 ATTR) 

● Ad d ing p p 's : a Câm ara Mun icipal de Leiria
MAP (@x @p rop 2) TARGET PRP- DE (*- 1 N- INST 
BARRIER NON- ATTR LINK 0 < p rop 1> ) (1PROP LINK 0 
< civ>  OR < top > )

● MAP (@x @p rop 2) TARGET PROP (0 < civ>  OR < top > ) 
(- 1 PRP- DE) (*- 2 N- INST BARRIER NON- ATTR LINK 0 
< p rop 1> )

● Exp loit ing valency:
MAP (@p rop 1) TARGET < *>  (0 < + a> ) (1 PRP- A) (NOT 
- 1 > > > ) 



Nam e p ar t  d isam bigu at ion  
ru les

REMOVE and  SELECT ru les  d ecid e for  each  nam e p art  
cand id ate if it  is  valid  in  con text  and  if it  is  a  firs t  
(@p rop 1) or  later  (@p rop 2) p ar t  of the chain , a 
“m isassum ed ” (i.e. ex- ) nam e p ar t  (@x) or  a con firm ed  
no- nam e (@y)

● REMOVE (@p rop 2) (0 < artd >  OR PRP- DE LINK 0 @y) 
(NOT 1 @p rop 2)

HAREM-  resu lt s :
F- Score  of 80 .61% in  both  th e select ive 
an d  total m easu res



Sem an t ic typ in g (class ificat ion  
task)

● 6 sup er-  and  17 p art ly exp erim en tal subcategories  (Pal-
1) had  to be tu rned  in to 9 sup er-  and  41 subcategories  
(HAREM, Pal- 2)

● Many- to- m any relat ion  between  categories , new areas 
(e.g. num bers  as  nam es)

● Descrip t ive and  m ethod ological p roblem : Metonym y

– Lexem at ic view: < civ>  =  p lace and organ isat ion , 
allowing both  + HUM subjecthood  and BE- IN- LOC 
ad verbiality.

– Funct ional view: < civ>  unm ap p able, s ince m ap p ing 
it  in to < top >  would  resu lt  in  errors  where a coun try 
acts like a hum anoid  group .



5 levels  of lexicon  
(in )d ep en d en ce

(1) Lexicon- en tered  nam es with  a reasonably unam biguous  
nam e category  (e.g. Chris t ian  nam es, bu t  not  surnam es - >  
s tyles , work of ar t )

(2) Lexicon- en tered  nam es with  sem an t ically hy brid categories  
(< civ> , < m ed i> , < inst> ) or  with  system at ic m atap horing 
(< brand >  as  < object> )

(3) p at tern / m orp hology- m atched  nam es of typ e (1)

(4) p at tern / m orp hology- m atched  nam es of typ e (2)

(5) Nam es recogn iz ed  as  such  (up p er case, nam e chain ing), bu t  
w ithout a lex icon entry  or  a category- sp ecific 
p at tern / m orp hology m atch

Pal- 1 : “hard - wired ” am bigu it ies , on ly few overrid e ru les , 5% 
errors  for  lexicon- d erived  m ater ial

Pal- 2 : lexicon- d erived  categories  are weigh ted  as  heuris t ic 
ind icat ions on ly, “known” (1- 2) and  “unknown” (3- 5) nam es 
are subm it ted  to the sam e ru les  - - >  h igher am bigu ity and  
corresp ond ingly h igher error  r isk



Arbiter & Gues s er
in tegrat ion  of lexical an d  fu n ct ion al category tags

p at t ern  m atch in g for  as  yet  u n typ ed  n am es

s y ntactic  CG

propagation CG
n am e typ e (m acro)m ap p in g (2)

n am e typ e d isam bigu at ion

Harem  CG
nam e typ e m ap p ing (1)
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ry m em ory-
log

nam e
typ e

lexicon

nam e chain  m orp hology

syn tact i
c 
funct io
n  
con text

valency
lexicon

sem an tic
p rototyp e

lexicon

"locking" of id en t ified  
nam e chains  as  com p lex 
tokens

Nam e typ in g m od u les  
(id en t ificat ion  task)



Microm ap p in g
(nam e typ e ru les  based  on  nam e p arts  and  p at terns)

MAP (@adm in  @prop1 ) TARGET < *>  (0 < civ>  OR N-
CIVITAS) (*1 V- NONAD BARRIER CLB LINK 0 V- HUM) (NOT 
0 < p rop 2> )

● firs t  NE p art  carr ies  typ e tag, ty pe  inform ation  and  
chunking inform ation  can  be m ap p ed  at  the sam e t im e

● After  “freez ing” NE chunks, the Arbiter checks  unsafe (e.g. 
< hum ?> ) or  n il- read ings against  lexicon  d ata and  
m orp hological p at terns

● The Arbiter logs nam es and  typ es  to help  resolve e.g. 
Abbreviat ions and  gend er for  p erson  nam es

● Num ber exp ressions (=  nam es in  HAREM, even  when  
quan t ifiers) need  to be m icrom ap p ed , because CG – so far  – is  
“character- blind ”



Macrom ap p in g
(Nam e typ e ru les  based  on  syn tact ic p rop agat ion )

Ad d s nam e typ e tags  to alread y- id en t ified  nam e chains  by 
using a num ber os  syn tact ic “p rop agat ion” techn iques  (ad ap ted  
Pal- 1), exp loit ing sem an t ic in form at ion  elsewhere in  the 
sen tence, p lus  the fact  that  besides functioning as subjects and objects 
like other np’s, names can fill certain more specific syntactic slots:

● @N<  (valency governed  nom inal d ep end en ts): o presidente 
americano George Bush

● @APP (id en t ifying ap p osit ions): uma moradora do palácio, Júlia 
Duarte, ...

● @N< PRED (p red icat ing ap p osit ions)

● Os m archad ores Susana Feitor  (CN Rio Maior) e José 
Magalhães  (Alfenense)



Macrom ap p in g 2

Cross- nom ina l p rototy p e tra nsfer : Postnom inal or  p red icat ive 
nam es (NE @N< , PRP @N<  +  NE @P< , @SC, @OC) inherit  the 
sem an t ic typ e th rough  of their  noun- head

● MAP (< top > ) TARGET (PROP @N< ) (- 1 N- TOP) ;

● MAP (< top > ) TARGET (PROP @P< ) (- 1(“d e” PRP @N< ) (- 2 N-
TOP) ;

● SELECT (< top > ) (0 @SUBJ> ) (*1 @< SC BARRIER @SUBJ LINK 0 
N- TOP) ;

More d etailed  ru les  can  m atch  such  in form at ion  between  m ain  
and  relat ive clauses .



Macrom ap p in g 3

Coord ina tion b a sed  ty p e inference: Typ es are p rop agated  
between  con juncts , if one has been  d eterm ined , the other(s) 
inher it  the sam e typ e.

● the syn tact ic m od ule sup p lies  a second ary tag for  "close/ safe 
coord inators" (&KC- CLOSE), with  one ru le for  each  m atched  
syn tact ic funct ion , then  uses  it  for  d isam biguat ion :

● REMOVE %non- h  (0 %hum - all) (*- 1 &KC- CLOSE BARRIER 
@NON- > N LINK *- 1C %hum  OR N- HUM BARRIER @NON- N< ); 

● SELECT (< top > ) (1 &KC- CLOSE) (*2C < top >  BARRIER @NON-
> N) ;



Macrom ap p in g 4
Selection restr ict ions: Typ es  are selected  accord ing to sem an t ic 
argum en t  res t r ict ions, i.e. + HUM for (nam e) subjects  of sp eech -  
and  cogn it ive verbs , + TIME is  selected  after  tem p oral 
p rep osit ions etc.

●  REMOVE %non­hum 
(0 @SUBJ> LINK 0 %hum­all) 
(*1 @MV BARRIER ser/estar/ficar LINK 0 V­HUM); 

[@MV = main verb, @SUBJ = subject]

● REMOVE %non­org 
(0 @<ACC LINK 0 %org/inst) (*­1 @MV LINK 0 V­ADMIN); 

[@<ACC = accusative/direct object]

CG: m acrom ap p ing is  both  m ap p ing and  d isam biguat ion , cf. (3), 
where m any ru les  d iscard  whole sets  of nam e typ e categories  
by target ing an  atom ic sem an tic feature (+ HUME or + TIME) 
shared  by the whole group .



PALAVRA

S Subtype
Category

(incidence)

F-Score
(precision - recall)

 cat

total

cat/types

total

identificat

ion

hum
official
member
groupind
groupoffici
grouporg

hum

PESSOA
20.5 %

67.4

61.1-75.2
rank 1

65.6

59.3-73.4
rank 1

65.0

58.6-72.7
rank 1

admin
inst, party
org
suborg

org
ORGANIZACAO

19.1 %

58.7
53.3-65.4

rank 1

50.0
45.3-55.9

rank 1

56.3
51.0-62.7

rank 1

date
hour
period
cyclic

TEMPO
8.6 %

75.5
79.8-71.7

rank 1

72.2
76.1-68.7

rank 1

73.5
77.7-69.8

rank 1

address
admin
top
virtual
site

top
LOCAL
24.8 %

69.6
75.1-64.8

rank 3

64.3
69.4-59.9

rank 4

68.6
74.1-63.9

rank 3

Global HAREM results  for PALAVRAS- NER, 
sem ant ic class ificat ion  -  absolu te/ total (i.e. all NE, id en t ified  or  not )

com bined  m etr ic for  9 categories  and  41 subcategories  (typ es)



PALAVRAS

Subtype
Category

(incidence)

F-Score

(precision - recall)

 cat

total

cat/types

total

identificatio

n

product, V
copy, tit
artwork
pub

tit

OBRA
4.3 %

21.3

22.3-20.4
rank 1

16.5

17.3-15,8
rank 2

19.7

20.6-18.9
rank 1

history
occ
event

event
ACONTECIM

ENTO
2.4 %

36.2

28.9-48.6
rank 4

30.8

24.6-41.3
rank 4

32.7

26.0-43.8
rank 4

genre, brand,
disease, idea,
school,  plan,
author,abs-n.

brand
ABSTRACC

AO

9.2 %

43.1
47.3-39.6

rank 1

39.6
43.3-36.4

rank 1

41.4
45.4-38.0

rank 1

object
mat
class, plant

object
COISA
1.6 %

31.3
25.4-40.7

rank 1

31.2
25.5-40.3

rank 1

31.3
25.4-40.7

rank 1
prednum
quantity

VALOR
84.3

87.0-81.7

82.5
84.8-80.2

82.2
84.8-79.7



Oth er  m et r ics

● Selectiv e  =  total (Pal- 2 p art icip ated  for  all categories)
● European >  Braz ilian  (F 60.3 vs . 54.7 %): general or  system -
sp ecific?

p at tern  and  ru le p roblem s with  im m igran t  nam es, TUPI- p lace 
nam es?
● Relativ e  perform ance  (typ ing accuracy m easured  for  correct ly 
recogn iz ed

nam es on ly (p ossible d isad van tage for  a good  recogn iz er , 
because it  will

get  a  larger  p rop ort ion  of d ifficu lt  nam es than  other  system s)



HAREM

Category

combined per category

Precision

- recall

F-Score

(rank)

Precision-

recall

F-score

(rank)

PAL-1

F-Score*

 PESSOA 90.1-91.9 91.0 (3) 92.7-94.0 93.4 (3) 92.5
 ORGANIZACAO 77.0-79.0 78.0 (5) 91.1-92.4 91.8 (7) 94.3
 LOCAL 87.7-89.3 88.5 (7) 96.1-95.5 95.8 (5) 95.1
 OBRA (tit,brand,V) 58.5-59.5 59.0 (3) 75.3-76.6 76.0 (3)

 ABSTR. (genre,ling) 82.6-85.6 84.1 (1) 90.5-93.2 91.8 (1)

 COISA (brand,V,mat) 98.8-98.8 98.8 (1) 100-100 100 (1)

ABSTRACT 84.3
 (tit, genre,ling)
OBJECT: 57.1
(brand,V,mat) 

 ACONTECIMENTO 69.6-72.6 71.1 (5) 81.9-85.4 83.6 (5) 88.7
 TEMPO 91.5-91.5 91.5 (4) 96.8-95.5 95.8 (5) -
 VALOR 94.2-95.8 95.0 (1) 96.6-97.6 97.1 (1) -

Pal- 1  versu s  Pal- 2  p er form an ce



Con clu s ion
● It  was  p ossible succesfu lly to change a ru le- based  NER 

system  from  lexem at ic categories  to funct ional categories

● The system  had  the overall best  F- scores  in  the HAREM 
evaluat ion : 80.6 for  id en t ificat ion  and  63.0 and  68.3 for  
total typ es and  category classificat ion , BUT: p erform ance 
is  uneven  (even t  and  p lace score lower than  the rest )

● Perform ance was lower than  the best  CoNLL- resu lts  (F 
88.8 English , 81.4 Sp an ish , 77.1 Dutch , 72.4 Germ an), BUT: 
CoNLL used  a d ifferen t  m etr ic and  d id  a 3- way d is t inct ion  
on ly (hum , org, top  +  m isc.), not  41 (!) like HAREM, and  not  
as  genre- m ixed

● Since Pal- 2 has  h igh  relative scores  (over 90) for  the 3 
CoNLL categories , it s  id en t ificat ion  m od ule is  a crucial 
cand id ate for  im p rovem en t



Im p rovem en t  s t rategies

● Iden t ify s t rengths  and  weaknesses  of 
subsystem s

● If necessary, delegate the id en t ificat ion  and  
class ificat ion  tasks  to d ifferen t  (sub)system s 
(poss ibly across  research- groups)

● In tegrate ru le- based  and  s tat is t ical sys tem s 
th rough  a weigh t ing schem e
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