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Non-disambiguated corpora

Larger corpora are usually not disambiguated
n corpora for minority languages
n domain -specific corpora 
Main source of ambiguity is homography
n inflectional homographs

e.g. 50% of words in text are ambiguous in Serbian

gospodja:  N:fsn+ or N:fpg+
n homonyms

tumor: tissue or  disease
sto: table     or  hundred

Disambiguating corpora

Manual disambiguation
n not errorless (75% of agreement!)
n time and money consuming
n not widely available

Automatic disambiguation
n not errorless
n more efficient 
n consistent 
n tools not widely available

Automatic disambiguation

Local grammars
n model local agreements within a phrase and discard 

non-applicable interpretations
n examples in Serbian (Nenadic & Vitas, 1998)

w agreement in case, number and gender within NPs
w agreement within prepositional phrases (25% text)

Statistical approaches
n model stochastic features and correlations
n example in Serbian

w selecting the most frequent interpretation is correct in 95%
(Ilic & Kostic, 2002)

Learning from corpora

Goal: automatically customise existing NLP
systems to a new domain or to a new language
by learning relevant constraints

Different targets/linguistic information to learn 
n lexical knowledge/constraints (e.g. entities for IE)
n syntactical knowledge/constraints (e.g. patterns)
n semantic knowledge/constraints (e.g. IR designators)
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What can we learn from corpora?

Lexical acquisition of specific named entities
n names of companies, educational and governmental institutions in

Serbian

Learning specific grammatical constraints
n learning cases required by a specific preposition in Serbian

Terminology acquisition from domain-specific texts
n recognition of terminology in Serbian and English

Lexical acquisition of NEs

Goal: acquire names of companies, educational
institutions, etc. (named entity (NE) acquisition) 
Examples (in Serbian):

Gimnazija "Jovan Jovanovicy Zmaj" u Novom Sadu
Hemijsko-prehrambena tehnolosxka sxkola Beograd

Such NEs take up around 10% of texts
Applications 
n input for IE/QA systems
n business directories

Lexical acquisition - method
Manually defined general local grammars (LG)
describing the inner structure of NEs
Entity designators are used as anchors to
localise potential NEs in the corpus

škola (school) gimnazija (high school)

Inner NP agreements are used to determine
boundaries of NEs
Stop list is used to discard typical unwanted
constituents (e.g. nov (new), naš (our), etc.)

Example of general LG

The structure of compound names related to 
education and science

 

</CN> 

high school 

 in  of 

<CN type=”education”> 
faculty, academy, 
... 

<fakultet:s> 
<akademija:s> 
<univerzitet:s> 
<institut:s> 
<centar:s> 
<biblioteka:s> 
<sxola:s> 
   ... 

<gimnazija:s> <E> 
RomanNUM 

ProperName 
<E> 

Toponym.gen 

Toponym.nom 

Toponym.loc 

<NP:gen>

za <NP:acc> 

<ADJ> 
<E> 

u 

<ADJ> 
<E> 

anchors

stoplist

Lexical acquisition - experiments

Corpus: newswire in Serbian

Precision: depending on type of NEs
n educational institutions: 96%
n company names: 87%

(foreign words appear within company names!)

Recall: 65-70% 

Sample of acquired NEs
Arhitektonski fakultet
Auto sxkola Jaguar
Dopisna sxkola za dizajn 

enterijera
Elektronski fakultet Nisx
Elektrotehnicxka sxkola Nikola

Tesla
Elektrotehnicxki fakultet u 

Beogradu
Fakultet za fizicxku hemiju
Fakultet dramskih umetnosti
Gimnazija "Jovan Jovanovicy 

Zmaj" u Novom Sadu
Hemijsko-prehrambena 

tehnolosxka sxkola Beograd
Muzicxka sxkola "MOKRANJAC"

Muzicxka sxkola "MOKRANJAC"
Osnovna sxkola Petar Petrovicy 

Njegosx
Racxunski centar Elektronskog 

fakulteta u Nisxu
Sportska akademija
Srednja medicinska sxkola u Novom 

Sadu
Tehnicxki fakultet Mihajlo Pupin 

Zrenjanin
Trecya beogradska gimnazija
Univerzitet Bracya Karicy
Visxa sxkola za sportske trenere
Visxa tehnicxka sxkola u Novom 

Sadu
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A sample of tagged text

Na <CN type="education">Filolosxkom fakultetu u Beogradu</CN> svi 
profesori koji nisu potpisali ugovore o radu, tridesetak njih dobili su u petak 
popodne pismenu odluku dekana kojom se svi rasporedyujemo na poslove i 
radne zadatke u <CN type="education">Centru za naucxno-istrazxivacxki i 
publicisticxki rad</CN> u  vremenu od 7 i 30 do 15 sati. Ovakav centar je 
nepostojecyi na <CN type="education">Filolosxkom fakultetu</CN> . 
. . . 

BEOGRAD - Suspendovani profesori <CN type="education">Pravnog 
fakulteta</CN> podeljeni su u dve grupe, polovinu plate primaju oni koji imaju 
izdrzxavane cxlanove porodice , a trecyinu ostali. Postojala je inicijativa sa visxe 
strana da se osnuje fond solidarnosti , ali mi za sada nismo za tu varijantu, iako 
ne iskljucxujemo mogucynost da se to ucxini na nivou <CN type="education"> 
Univerziteta</CN> ili od strane <CN type="education">Udruzxenja nastavnika
i istrazxivacxa </CN> - rekao je jucxe Jovica Trkulja, suspendovani profesor
<CN type="education">Pravnog fakulteta</CN>.

Learning grammatical constraints

Goal: learn cases “required” by a specific
preposition for NPs within PPs (in Serbian)
Examples:

od <NP:genitive>
na <NP:accusative or dative or locative>

NP cases within PPs are already known, but
can we learn them from non-disambiguated  
corpora? 

Method

Determine intersection of features, i.e.
minimal set of morpho-syntactic features
inherent for every NP within a specific PP type
Genetic algorithm approach is used to
automatically calculate the intersection
Case tags (obtained from initially tagged
corpus) are crossed between pairs of NPs

Learning cases: a sample

dl         a          an        dli        agvn   av        dla 

a+dl                an+dli               av 

a+dl                                        av+dla 

a+dl 
An example of crossover between the case tags for PPs
containing preposition na (Eng. on)

initial 
features

result

Learning cases: results

accusative 
or 

locative

accusative 
or dative
or locative

dl   a   an
dli   agvn
av   dla

na
(Eng. on)

genitivegenitive
ga   g   gnav

ng   gnv
od

(Eng. from)

dative 
or 

locative

dative 
or 

locative
dl   dli   dlg

prema
(Eng. towards)

Theoretical 
features

Learned 
features

Initial features 
samplePreposition

Terminology acquisition

Knowledge encoded in textual documents is
characterised by sets of terms
Term = linguistic realisation of a specialised
concept in a specialised domain

protein kinase C, nuclear hormone receptor
real-time computing, DES algorithm

Applications
n assigning terms to documents for semantic document 

categorisation and IR
n term-based knowledge acquisition/mining, IE
n constructing terminologies, ontologies, taxonomies
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Terminology acquisition

Index terms vs. technical terms
n index terms allow discrimination between documents
n technical terms indicate semantic concepts in 

specialised sub-languages

Index terms are not necessarily technical terms
n a set of index terms typically include a mixture of 

general language words and technical terms

Can we extract terms automatically?

Terminology acquisition: method

C/NC-value method (Ananiadou & Frantzi, 2000)
for automatic extraction of multiword terms
Domain-independent, hybrid approach:
n Linguistic term formation patterns

w local grammars
n Statistical information

w frequency of occurrence, “nestedness”, length 
n Contextual information

w frequent words appearing with term candidates

Output:
n list of terms ranked according to their termhoods

Experiments in English

Corpora in biomedicine, crop science, newswire
Texts are initially tagged by the EngCGtagger
(Voutilainen & Heikkila, 1993)

No further processing 
Results on a Medline corpus (2082 abstracts)

n precision: 96% for top-ranked terms

Sample of biomedical terms

retinoic acid receptor
retinoic acid receptor
retinoic acid receptors 236.33 
RAR, RARs

nuclear receptor
nuclear receptor
nuclear receptors 216.00
NR, NRs

nuclear receptor co repressor
nuclear receptor co-repressor 214.75 
NCoR

all-trans retionic acid
all trans retionic acid
all-trans-retinoic acids 214.25 
ATRA, at-RA

Experiments in Serbian

Texts are initially tagged by e-dictionaries
(Vitas, 1993)
No disambiguation techniques are applied
Experiments with samples from textbooks in
maths and computer science (120k words)
Filters based on structure of NPs 
(Nenadic & Vitas, 1998) 
Conflating morphological variations only
Precision: 94% for top-ranked terms 

Sample of mathematical terms

metricxki prostor 633.55
topolosxki prostor 175.13
otvoren skup 93.20
normiran prostor 88.00
Kosxijev niz 68.11
zatvoren skup 59.20
vektorski prostor 53.13
nejednakost trougla 33.98
Hausdorfov topolosxki prostor 19.43
Lagranzxova teorema o srednxoj vrednosti 2.32
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Sample of CS terms

funkcionalna zavisnost 156.08
visxeznacxna zavisnost 129.32
skup atributa 81.41
uslov integriteta 40.87
strani klxucx 37.00
primarni klxucx 35.16
sadrzxaj relacije 16.35
zavisna relacija 16.00
logicxko projektovanxe baze podataka 10.33 
kaskadno brisanxe 8.17
prirodno spajanxe 8.17

Conclusions

Three case studies
Lexical acquisition
n extracts union of all word sequences that match a 

manually defined general LG
Learning grammatical constraints/patterns
n extracts minimal intersection of morpho-syntactic 

features that are inherent to all entities
Terminology acquisition
n combine general LGs for extracting candidate terms, 

and statistics for estimation of their significance

Current and further research

Lexical acquisition
n learning frozen, multiword adverbial expressions
n designators for another language? (Greek)
Constraints learning
n learn verb selectional preferences in a specific domain 

through supervised learning (ontology as a seed)
Terminology-based translation
n C/NC-value applied on parallel corpora
n are term rankings consistent across languages?
n currently support for English, Greek and Serbian


