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eggs). They often have a specialized meaning or are idiomatic, but trieyotet®

be.."

50



! $ & &
Blaheta $ & 302 Lapata #
! $ & & I 24

#3 2Quirk
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constructions that are freely variable (i.e. fully compositional).yTdre comprised of
one verb and one or more other words, which may be of any class: “relytaké,

care of" and “see fit". This work restricts itself to MWVs poised of a verb and
some number of particles, which may be either prepositions or advérbs
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0.25 0.1 0.05 0.025 0.01 0.005
1 1.32 2.71 5.02 6.63 7.88
2 2.77 4.61 5.99 7.38 9.21 10.6
3 4.11 6.25 7.81 9.35 11.34 12.84
4 5.39 7.78 9.49 11.14 13.23 14.86
5 6.63 9.24 11.07 12.83 15.09 16.75
10 12.55 15.99 18.31 20.48 23.21 25.19
20 23.83 28.41 31.41 34.17 37.57 40
30 34.8 40.26 43.77 46.98 50.89 53.67
40 45.62 51.81 55.76 59.34 63.69 66.77
50 56.33 63.17 67.5 71.42 76.15 79.49
60 66.98 74.4 79.08 83.3 88.38 91.95
80 88.13 96.58 101.9 106.6 112.3 116.3
100 109.1 118.5 124.3 129.6 135.8 140.2
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W1 C1 p =CG/N
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W1W2 C12 P2 = (C1-C2)/(N-C1)
# log-likelihood
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-+
L(Hyp2) b(c,;C, p) *b(C, €N €y, py,)
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$ & 010
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8763.03
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3791.47
3330.54
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procedure
begin
Ruleset:=0

else

from (Pos,Neg)
endif
endwhile
return Ruleset
end

while Pos 0 do
[* grow and prune a new rule */
split (Pos,Neg) into (GrowPos,GrowNeg)
and (PrunePos,PruneNeq)
Rule := GrowRule (GrowPos,GrowNeg)
Rule := PruneRule (Rule,PrunePos,PruneNeg)
if the error rate of Rule on
(PrunePos, PruneNeg) exceeds 50% then
return Ruleset

add Rule to Ruleset
remove examples covered by Rule

IREP (Pos,Neq)
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f-measure
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f-measure error rate

precision recal $
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precision $ recall $ & $ %
Precision recall $-measure$
! & 0 % 1."3
lerror rate %
! log-likelihood
% * 11

90 1V Error Rate % F-Measure
error rate f-measure
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3 2 DATE_END
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3 2 OTHER
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Christopher D. Manning & Hinrich Schultze "Foundatiohstatistical natural

language processing”

0 "... A collocation is any turn of phrase or acceptedyesahere somehow the
whole is perceived to have an existence beyond the curthe parts.
Collocations include compounds (disk drive), phrasal verhsk¢ up) and
other stock phrases (bacon and eggs). They often hapecalized meaning
or are idiomatic, but they need not to be..."

0 "...The meaning of the whole is the sum of the memnof the part plus some
additional semantic component that cannot be prediobed the parts...”

0 "...Acollocation is an expression consisting of twranore words that
correspond to some conventional way of saying things...”

o0 "... syntagmatically related words..."

Firth, J. R. "A synopsis of linguistic theory", 1957

o "...Collocations if a given word are statements & Habitual or customary
places of that word..."

Frank Smadja “Retrieving Collocations from Text: Xtfad993

o “...Natural languages are full of collocations, recurrennmations of words
that co-occur more often than expected by chance aatdctirrespond to

arbitrary word usages...”
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Darren Pearce “Synonymy in Collocation Extractio2000

(0]

“...The definition of the exact nature of a collocatiearies from one
researcher to the next. It is variously defined asalatinal word combination
(Lin,1998) or a recurrent word combination (Gitsaki et @000). More
specifically, Smadja (1993) identifies four characterisa€sollocations that
have implications for machine applications, namelyt thallocations are

arbitrary, domain independent, recurrent and cohesii@lefusters...”

Sayori Shimohata, Toshiyuki Sugio and Junji Nagata “RetigeCollocations by

Co-occurrences and Word Order Constraints”

(0]

“...A collocation is a recurrent combination of wordanging from word level

to sentence level...”

Ivan A. Sag, Timothy Baldwin, Francis Bond, Ann Copkstand Dan Flickinger

“Multiword Expressions: A Pain in the Neck for NLP”

(0]

“...We define multiword expressions (MWES) very roughly @&BoSyncratic
interpretations that cross word boundaries (or spaces)...”

“..MWEs can be broadly classified into lexicalized phsasand
institutionalized phrases (terminology adapted from Baué©83)).
Lexicalized phrases have at least partially idiosyicsintax or semantics, or
contain ‘words’ which do not occur in isolation; thegn be further broken
down into fixed expressions, semi-fixed expressions gnthstically-flexible
expressions, in roughly decreasing order of lexical rigidistitutionalized
phrases are syntactically and semantically compoaliobut occur with

markedly high frequency (in a given context)...”

Dekang Lin “Extracting Collocations from Text Corpora”

(0]

“...Collocation is a habitual word combination...”
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Don Blaheta and Mark Johnson. 2001. Unsupervised learnmgltfword verbs

o “...A collocation, in the most general sense, is jushamumber of words that
tend to occur together often; a native speaker would pkobap that they fit
together well...”

Quirk, Randolph, Sidney Greenbaum, Geoffrey Leach an&Jantvik, “A

comprehensive grammar of the English language”

o “...Multi-word verb (MWV) is a unit, which behaves to senextent either
lexically or syntactically as a single verb, as dddtifrom those MWV-like
constructions that are freely variable (i.e. fullynguositional). They are
comprised of one verb and one or more other words,hwinigy be of any
class: “rely on", “take care of' and “see fit". Thiork restricts itself to
MWVs comprised of a verb and some number of particldgschwmay be

either prepositions or adverbs...”
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terminology extraction
Gael Dias, Sylvie GuillorJean-Claude Bassano & JoseGabriel Pereira Lopes
“ Combining Linguistics with Statistics for Multiword Tra Extraction: A Fruitful
Association?”
o0 “...Multiword Term is a sequence of two or more meaningfoiavthat define
a single notion (term)...”
Didier Bourigault, Christian Jacquemin “Term extractiotesm clustering. An
integrated platform for Computer-Aided Terminology”, 1999
o “...Term extractors focus on multi-word terms for ontotadi motivations:
single-word terms are too polysemous and too generic targd therefore
necessary to provide the user with multi-word terms tegiresent finer

concepts in a domain...”
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Ripper

Ripper &

! POS

YES 73 17 IF loglikelihood >= 32.737 dice >= 0.0503145
YES 33 21 IF chisquared >= 217.154 ttest >= 1.73089 norm_freq <= 9.35212

NO 693 88 IF

Ripper &

! POS

Verb 50 IF POS ~ PE dice >=0.0275591 chisquared <= 674.291

Proper 21 10 IF POS ~ pp

Proper 9 7 IF chisquared >=5845.16 POS ~ Ep

Proper 8 7 IF chisquared >=5582.42 dice <= 0.109589 mut_inc <= 12.5133
Proper 5 3 IF POS ~ Ep mut_inc <=5.09226

Noun 40 16 IF POS ~ EE loglikelihood >= 30.8144

Noun 20 18 IF POS ~ ET chisquared >= 258.374

NO 682 74 IF
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Abstract

The first part of the thesis describes Named Entit§£)(Mecognition system.
Named Entity recognition is a form of information mxition in which we seek to
classify every word in a document as being a personsnanganization, location,
date, time monetary value, percentage, or “none ofabimve”. The significance of
task is mostly due to the marketing potential of the iekmed Entity recognition
system. Such system could contribute a lot in manysali&a: development of more
exact search engine, machine translation, generahiaegn and indexation of the
documents and books. Named Entity recognition is a fouond#&bir work on more

complex information extraction tasks.

In European language the problem, at least on the sudaesn’'t seem to be very
complicated — since most of the named entities stdlt eapital letter. However, in
Hebrew we don't use capital letter that complicates @blpm a lot. Additional
difficulties are caused by the large ambiguity of the kEeblanguage. Many other
gualities, unique to Hebrew language and culture, might infud¢ine Named Entity

recognition problem. For example: smihut, Hebrew caleratgglutination and etc...

In order to address those issues, we used a maximum enpropgbilistic
modeling technique. Our system constructs a statisticapiitic model that is able

to evaluate the likelihood of every word to be in ohementioned above categories.

The second part of the thesis focuses on the multi-vexglression (MWE)
phenomenon. The research on the multi-word expressiasgnitiated as an attempt
to improve the performance of the Named Entity recagnisystem. However,
already in the early stages we saw that the issueryscomplicated and deserves its

own research.



The essence of the problem is due to inability of tbsearches to reach the
agreement, regarding the exact definition of the problbtast of the existing
definitions are of abstract and semantic manner,”Bkenulti-word expression is any
turn of phrase or accepted usage where somehow the whole is perceiveé tnhav
existence beyond the sum of the gadthough there are also statistical definitions

and definitions that concern specific applications.

The importance of the problem is due to the fact thaltitword expression is a
single morphological unit that requires an appropriate sisalome of many fields
that will undoubtedly earn due to multi-word recognition teys are Natural
Language Generation, Machine Translation, InformaRetrieval and Lexicography.
Among the goals that we have set for this researehtast the agreement between
different people to the notion of multi-word expressi@valuate and compare
different approaches to the multi-word expression probtefate to issues that are
specific to Hebrew language in this matter; examine citvtribution of the MWE

recognition system to the Named Entity Recognition lerab

As part of the thesis we will present multi-word rectignisystem that is based on
the statistical measure, like normalized frequency, mutidatmation, Dice metric,
T-Test, Chi-Squared Test and Log-likelihood test. Theesysuses rule-learning
algorithm — Ripper that based on the tagged sample, condudesup of rules for
MWE recognition. We will compare results received by Hystem to results of the

semantic and application-based approaches that we veitqire
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