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Abstract. In this paper we present a practical approach to text chunking for
unrestricted Modern Greek text that is based on multiple-pass parsing. Two
versions of this chunker are proposed: one based on a large lexicon and one
based on minimal resources. In the latter case the morphological analysis is
performed using exclusively two small lexicons containing closed-class words
and common suffixes of the Modern Greek words. We give comparative
performance results on the basis of a corpus of unrestricted text and show that
very good results can be obtained by omitting the large and complicate
resources. Moreover, the considerable time cost introduced by the use of the
large lexicon indicates that the minimal-resources chunker is the best solution
regarding a practical application that requires rapid response and less than
perfect parsing results.

1 Introduction

Nowadays, there is a wealth of texts available in electronic form, in large databases.
These databases include unrestricted texts of any length and complexity. Such texts
usually contain headlines and other non-sentential fragments, dialects and colloquial
forms, and plenty of words that are not part even of the largest machine-readable
lexicon. On the other hand, they may be ill-formed, especially in the case of databases
including electronic texts taken from optical character recognition tools.

In general, the goal of a parser is to assign appropriate labels to input texts. Many
Natural Language Processing (NLP) applications (e.g., information extraction,
information retrieval, etc.) require fast and robust parsing of large volumes of
unrestricted text. In such applications obtaining less than perfect parsing results but
rapidly is very important.

Special attention has to be paid on low-level tasks such as text segmentation,
sentence boundary detection, and text chunking (or intrasentential phrase boundaries
detection). A closer look to these tasks, that are prerequisite for the vast majority of
NLP applications, proves that their insufficient solution may cause considerable
losses of accuracy of a consequent, more complicate task, especially in the case of
dealing with unrestricted text. A sufficient solution of a low-level problem has the
following desiderata:



e Minimal computational cost: Tt is not efficient for a low-level task to demand
excessive computational cost, or to be based on complicated, time-consuming and
hard-to-build resources such as large lexicons containing at least thousands of
lexical entries and large grammars consisting of hundreds of thousands of rules,
etc. [1].

o Use of non-specialized information: A system performing a low-level task has to
be based on easily available resources rather than specialized information that is
not necessary to subsequent tasks.

o Robustness: The unknown word problem is substantial to parsers based on large
lexicons. Some approaches use heuristics (e.g. the recognition of certain suffixes or
the case of the first letter in order to identify proper names) or simply ignore all the
unknown words and try to parse the remaining part of the text [2]. Recently,
several systems utilize statistical methods in order to assign the most likely
morpho-syntactic information to the words not found in the lexicon [3, 4].

In this paper we present a practical approach to text chunking for unrestricted
Modern Greek text that is based on multiple-pass parsing, an alternative technique to
the traditional left-to-right parsing. This technique has been applied mainly to
statistical parsers in order to improve parsing results [5] as well as in speech
processing as a way to reduce computation substantially, without an increase in error
rate [6]. Specifically, two versions of the proposed chunker are presented regarding
the morphological analysis of the words that compose the text:

e The first one is based on a large lexicon together with a keyword lexicon and
unknown word guessing techniques (called hereafter the lexicon-based chunker),
and

e The second one is based exclusively on a keyword lexicon and word-guessing
techniques, in other words the large lexicon is omitted (called hereafter the
minimal-resources chunker).

The next section deals with relevant work in text chunking. Section 3 describes the
proposed approach in detail. Then, some comparative performance results of the two
versions are given in section 4. Finally, the conclusions drawn by this study are given
in section 5.

2 Relevant Work

The term text chunking refers to techniques used for dividing sentences into relatively
simple syntactic structures, such as noun phrases and prepositional phrases. It has
been proposed by Abney [7] as a useful precursor to full parsing.

A parser for Modern Greek texts is presented in [8]. This parser is able to mark the
type of clauses contained in long sentences as well as to identify the phrases included
in these clauses, based on a set of keywords and a set of heuristic rules. An accuracy
of 84% is reported (this percentage increases to 96% after the use of some enhanced
heuristics). This approach requires complete morphological analysis of every word



included in the text. Moreover, when the text contains unknown words or extremely
complicated syntax it fails to return any useful information.

A language-independent system for parsing unrestricted text based on Constraint
Grammar formalism is presented in [1]. It is able to accurately disambiguate
morphologically and syntactically any piece of text. However, it requires a very large
master lexicon and some domain-specific lexicons used during morphological
analysis as well as a large grammar containing thousands of rules.

On the other hand, shallow parsers provide analyses that are less complete than the
output of conventional parsers. A shallow parser typically identifies some phrasal
constitutes, such as noun phrases, without indicating their internal structure and their
function in the sentence [9].

A text chunker using transformation-based learning is described by Rashaw and
Marcus [10]. This approach has achieved recall and precision rates of roughly 92%
for simple noun phrase chunks and 88% for somewhat more complex chunks that
partition the sentence. Moreover, a stochastic approach to text chunking using
Markov models is described by Skut and Brants [11]. However, both of these
approaches require a part-of-speech tagger of high accuracy.

LEXTER [12] is a surface-syntactic analyzer that extracts maximal-length noun
phrases from French texts for terminology applications. It is claimed that 95% of all
maximal length noun phrases is recognized correctly, but no precision results are
mentioned. Another maximal-length noun phrase extractor is NPTool [13]. This tool
is based on a handcrafted lexicon and two finite state parsers, one noun phrase hostile
and one noun phrase friendly. The combination of these parsers produces a list of
acceptable noun phrases that can be used for terminological purposes. The reported
recall and precision results are 98.5-100% and 95-98% respectively, evaluated against
a 20,000-word corpus including texts from different domains. An efficient partial
parser that combines enhanced part-of-speech tags, called supertags, with a
lightweight dependency analyzer is presented by Srinivas [14]. The reported recall
and precision rates for noun chunking are 93% and 91.8% respectively.

Last but not least, FASTUS described in [2], is a system for extracting information
from English texts which works as a cascaded, non-deterministic automaton. This
system initially tries to recognize basic noun and verb phrases, by using a finite-state
grammar, and then identifies complex phrases by combining the simple ones.
Unknown or otherwise unanalyzed words are ignored in subsequent processing unless
they occur in a context that indicates they could be names. The comparison of
FASTUS to more sophisticated systems show that one can go a long way with simple
techniques and achieve very good parsing results very fast [15].

3 System Description

Our solution attempts to take advantage of some linguistic characteristics of Modern
Greek in order to minimize the required resources. Particularly:

e Modern Greek is a quasi-free word order language. Thus, the sequence of the
chunks may be changed without affecting the meaning of the sentence.



e Its morphology is extremely rich including a wealth of inflectional categories
identified generally by word suffixes. It is worth noting that Sgarbas and his
colleagues [16] propose 99 inflectional categories in order to cover the nouns of
Modern Greek.

e Modern Greek verbs usually have characteristic endings different from all other
inflectional parts-of-speech.

e The use of articles and particles usually indicating the start of noun and verb
phrases respectively is very common, even in front of proper names. The
identification of the beginning of simple phrases is therefore relatively easy.
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Fig. 1. Overview of the proposed text chunker. The large lexicon may be included (lexicon-
based chunker) or omitted (minimal-resources chunker).

An overview of the proposed system is given in figure 1. Initially, the input text is
segmented into sentences using a sentence boundary detector trained for Modern
Greek [17]. Then, each word of the sentence is analysed morphologically as described
in the next subsection. The chunk boundaries are identified by applying multiple
passes to the input text as described in subsection 3.2.

3.1 Morphological Analysis

The morphological analysis of the words is performed based on a hierarchical
procedure. Initially, in both versions of the chunker (i.e., minimal resources and
lexicon-based) the keyword lexicon is used to identify the most common words. In
more detail, this lexicon contains 432 keywords (or closed-class words) including
articles, particles, prepositions, pronouns, numerals, and some special adverbs. The
entries in this lexicon are of the following format (i.e., Prolog predicates):

keyword(WORD, INITIAL, DESCRIPTIONS)
where WORD is the keyword, INITIAL indicates whether it indicates the beginning of

a noun phrase, a verb phrase or a prepositional phrase, and DESCRIPTIONS is a list
of morphological descriptions. The keyword lexicon was constructed manually.
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Fig. 3. Suffixes with one morphological description per part-of-speech. The abbreviations VB,
NN, AJ, NU, and AV stand for verbs, nouns, adjectives, numerals, and adverbs, respectively.

However, any large lexicon that covers closed-class words can be used for the
extraction of a keyword lexicon.

For the words not found in the keyword lexicon, the lexicon-based chunker uses a
large lemma lexicon. This already existing lexicon was developed in the framework
of a PC-KIMMO-based morphological analyzer for Modern Greek [16] and contains
30,000 lemmas covering nouns, adjectives, verbs, and adverbs. The combination of
the PC-KIMMO-based analyzer and the lemma lexicon is able to give non-
deterministic morphological descriptions for any word-form of the covered lemmas.

In the case of the lexicon-based chunker, the words not covered by this lexicon are
analyzed using a guessing procedure based on the word suffixes. In the case of the
minimal-resources chunker the words not found in the keyword lexicon are analyzed
by this guessing procedure. Specifically, the suffix lexicon contains 282 suffixes that
cover the vast majority of Modern Greek words. These suffixes were taken mainly



from the already existing PC-KIMMO-based morphological description of Modern
Greek [16]. The entries in this lexicon are of the following format (i.e., Prolog
predicates):

suffix(SUFFLX, DESCRIPTIONS)

where DESCRIPTIONS is a list of morphological descriptions assigned to each word
according to its SUFFIX. The maximal length suffix that matches the input word is
selected.

Figure 2 shows the number of suffixes (vertical axis) in connection to the number
of morphological descriptions that they assign (horizontal axis). Over 56% (158 out of
282) of the total suffixes assign only one morphological description to the words they
match. Approximately 52% (82 out of 158) of these deterministic suffixes correspond
to verbs as depicted in figure 3.

If a word suffix does not match to any of the entries of the suffix lexicon (usually
foreign names or archaic words) then no morphological description is assigned, and
this word is marked as a special word. However, it is not ignored in subsequent
analysis. Additionally, a flag that indicates a possible proper name is assigned to
every word based on the case of its first letter.

3.2 Multiple-Pass Parsing

The goal of our chunker is the identification of the boundaries of the main phrases
(i.e., chunks) included in each sentence without analyzing their internal structure or
their function in the sentence. Nevertheless, simple morphological disambiguation is
performed, by applying selectional restrictions (e.g., number, case and gender
agreement within noun phrases).

In particular, the detected chunks may be noun phrases (NPs), prepositional
phrases (PPs), verb phrases (VPs), and adverbial phrases (APs). In addition, two
chunks are usually connected by a sequence of conjunctions (CONGs).

The identification of chunk boundaries is performed via multiple-passes on the
input sentence. Each pass analyzes a part of the sentence, based on the results of the
previous passes, and the remaining part is kept for subsequent passes. In general, the
first passes try to detect simple cases that are easily recognizable, while the last passes
deal with more complicated ones. Moreover, the last passes are less accurate than the
initial ones due to the high degree of ambiguity they have to resolve. Cases that are
not covered by the disambiguation rules remain unanalyzed. The presented approach
utilizes five passes. The function of each one is described below.

e Pass 1: Simple NPs, PPs, and VPs are detected based on the recognition of phrase
initial keywords, and the application of simple, empirically derived rules. For
instance, this pass may detect the following chunks:

Example Detected chunk
Y avayKaio yvaon Kai evoiconacio NP

(the necessary knowledge and sensitivity)



0 200¢ arcmvag (the 20th century) NP
¢ k. EAévng lamadomodlov NP
(of Mrs. Heleni Papadopoulou)

Ol OPOIOKOTHKNUEVES KAL YEWAOYIKG, TYEOOV

OTTOUOVWUEVES TIEPLOYES NP
(the thinly populated and geologically

almost isolated areas)

ue woAln dovoun (with great power) PP
UE OOYKPITIKG, EA010TO KOOTOG PP
(with comparetively minimum cost)

oev &yovv mepaoet (they haven’t passed) VP
ovapawtifnxa (1 wondered) VP
va, dwoeig (to give) Ve

e Pass 2: Simple NPs at genitive case that usually follow other NPs as well as simple
PPs are detected. Thus, this pass may detect the following chunks:

Example Detected chunk
NP[myv yprion] dopvpopikdv cvothudarwy NP

(NP[the usage] of satellite systems)

ue NP[rov k. Mmid 2u10] (with NP[Mr. Bill Smith]) PP

oo NP[10 mepimolixo] (from NP[the cruiser]) PP

yio. NP[tov unyovixd] (for NP[the engineer]) PP

Note, that in the above examples the chunks included in brackets (NP[zyv yprion],
NP[zov unyavikd]) have been detected by the previous pass.

e Pass 3: Remaining pronouns either are appended to adjacent NPs or forming new
NPs, and verbal predicates are detected. For example, this pass may detect the
following chunks:

Example Detected chunk
VP[eivar] onuovtind alid mepiniora. VP

(VP[they are] important but complicated)

dlo. NP[1a kAeidid] (all NP[the keys]) NP

NP[# untépa] pag (our NP[mother]) NP

o6 (this) NP

Note that the chunks included in brackets have been detected by previous passes.

e Pass 4: CONs, APs, as well as NPs with no initial keywords are detected in the
remaining words. Moreover, PPs are formed based on NPs that have been detected
in pass 3. For instance, this pass may detect the following chunks:

Example Detected chunk
ow kau (although) CON



oyxedov tedeiws (almost completely) AP

eOvico Epyo (national project) NP
(wn kou eAmiva (life and hope) NP
oe NP[dleg ti¢ mepimtddoers] (in NP[all the instances]) PP

e Pass 5: In this pass, the simple phrases are combined in order to form more
complex ones. Moreover, complex APs are detected. Thus, this pass is able to
detect chunks like the following:

Example Detected chunk
NP[n avérroén] NP[wy¢ véag teyvotoyiog] NP

(NP[the development] NP[of the new technology])

PP[ue ta panio] NP[ys kapdiag] PP

PP[with the eyes] NP[of the heart]

wodd AP[rpooektina) (very AP[carefully]) AP

VP[tpéyet] VP[vo owbei] VP

(VP[he runs] VP[to be saved])

Note that punctuation marks are included in the parsing procedure and treated as
special symbols. It must be stressed that we tried to separate the identification of
simple phrases from more complex ones since many applications require the
identification of simple rather than complex phrases. An example analysis of the
analysis of a sample text is given in the appendix at the end of the document.

4  Performance

The presented text chunker has been tested using a corpus of roughly 200,000 words
which includes texts downloaded from the website of the Modern Greek newspaper
entitled “TO BHMA” (the tribune).! These texts cover the majority of the genres
found in a newspaper including news reportage, editorials, articles, letters to the
editor, sports review, etc.

The entire corpus was analyzed using both the lexicon-based and the minimal-
resources chunker and then one human judge manually evaluated its output.
Comparative results in terms of recall and precision are given in table 1. As regards
the minimal-resources chunker, the low recall of APs is caused by the similarity of the
suffixes of the majority of Modern Greek adverbs to the suffixes of adjectives. The
low precision of NPs is caused mainly by the analysis of remaining words that took
place in the fourth pass.

On the average, the recall of the lexicon-based approach is considerably higher,
especially in the case of NPs and APs. On the other hand, the precision results are
lower. This is due to the fact that the lexicon is not able to provide all the possible
morphological descriptions for some words. Additionally, the words remained

! http://tovima.dolnet.gr



unanalyzed using the lexicon-based system are 20% less in comparison with the
minimal-resources chunker (i.e., 2.9% and 3.6% of the total words respectively).
However, the parsing time cost of the lexicon-based approach is approximately 50%
higher than the corresponding one of the minimal resources approach and this is very
crucial for an application that requires analysis of large volumes of text very fast.

Table 1. Comparative performance of the two chunkers.

Lexicon-based Minimal-resources
Chunk Recall (%) Precision (%) Recall (%) Precision (%)
NPs 94.46 85.58 91.18 88.72
PPs 93.96 99.12 93.35 99.36
VPs 93.63 97.57 91.32 98.19
Aps 85.28 96.90 72.47 96.27
Overall 93.05 92.35 89.55 94.45
Time cost (words / sec) 238 514
Unanalyzed words (%) 2.9 3.6

Guessing Special words
words 3%

18%

Keywords
47%

Words found
in lexicon
32%

Fig. 4. The analysis of the test corpus by the lexicon-based approach.

An overview of the morphological analysis results of the entire corpus using the
lexicon-based parser is given in figure 4. Approximately 47% of the total words were
included in the keyword lexicon. The lexicon succeeded to provide information for
32% of the total words. It has also to be noted that the lexicon provided an average of
1.9 morphological descriptions per word. On the other hand, the application of the
guessing procedure to these very same words (i.e., 32% of the total words) for
comparative purposes provided an average of 3.6 morphological descriptions per
word. The guessing procedure was applied to 18% of the total words while 3% of the
total words did not match any of the entries of the suffix lexicon (i.e., special words).

5 Conclusion

We presented a text chunker for unrestricted Modern Greek text. We proposed two
versions of this chunker: one based on a large lexicon and one based on minimal



resources. In the latter case the morphological analysis is performed using exclusively
two small lexicons containing closed-class words and common suffixes of the Modern
Greek words. The comparison of these two systems shows that very good results can
be obtained by omitting the large and complicate resources. Moreover, the
considerable time cost introduced by the use of complicate resources indicates that the
minimal-resources chunker is the best solution regarding a practical NLP application
that requires rapid response and less than perfect parsing results.

The presented text chunker takes advantage of some characteristics of Modern
Greek that facilitate the recognition of simple phrases. Nevertheless, we strongly
believe that similar methods can be applied to other natural languages with similar
characteristics (i.e., morphological complexty, mandatory use of articles, particles,
etc.). For example, Italian and Spanish are most likely to benefit by our approach.

The proposed system is currently modified in order to be adopted to the specific
requirements of three national research projects: (i) MITOS?, a system for information
retrieval and extraction from financial spot news, (ii) DILOS?, a bilingual electronic
dictionary of economic terms with references to frequencies and terms in text corpora,
and (iii) DIKTIS?, a dialogue system for information extraction from medical text
corpora. In each of these cases, we attempt to take advantage of the special
characteristics of the domain-specific text corpora (e.g., financial spot news, medical
prescriptions, etc.) that have to be analyzed for improving the performance. The
minimal-resources chunker has also be utilized for the extraction of stylistic measures
that have been used in the framework of an authorship attribution system [18].
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Appendix: Analysis of a Sample Text

In order to illustrate the parsing procedure using the multiple passes, we give an
analysis example of a sample text The chunks detected in each pass are shown in
boldface. The sentence boundaries are indicated by the symbol #. Note that the word
Zoupwva, (i.e., according) remains unanalyzed since its suffix may indicate a noun, an
adjective, or an adverb and the context do not solve this ambiguity. The minimal-
resources chunker was used to analyze this sample text. Note also that the rough
English translation aims mostly at helping the reader to understand the syntactic
complexities of the text.



Sample text (and rough English translation):

To GAro, tpaykd Bdpa (the other tragic victim) avtig g otopiog (of this story), n 256ypovn
(the 25-years-old) Apodia [Moradomovriov (Amalia Papadopoulou), suveyiler (keeps) va divel
(on giving) amd v evtatikh povada (from the emergency unit) Tov EpvOpov Ztavpod (of the
Red Cross), tov ayova g (her fight) va kpatndei otn Lon (for staying alive). Zopomva pe to
onuepwod wTpkd avakowmbév (according to today’s medical bulletin), ov Bepdmovteg wTpoi
(the attendant doctors), dwmiotdvouvv (ascertain) pkpr| Peitioon (slight improvement) g
Koatdotoong (of the situation), n omoic (which) wotoco (however) mapapéver (remains)
wiutépag kpiown (particularly crucial).

Pass 1:

NP[To ardho , Tpaywké O0pa] avtic NP[tng wropiag] , NP[n 25ayxpovn Apaiia]
[Moradomovriov , VP[ovveyilel] VP[va divel] andé NP[tnv evrariki povada] NP[tov
EpvOpod Ztavpod] , NP[tov aydva] g VP[va kpatn0si] oe NP[tn o] . # Zouopwva pe
NP[10 onuepivé wtpikd avakowvwBév] , NP[ov Oepamovreg wrpoi] , VP[dwmotdvouy|
pwpn Pertioon NP[tng katdetacng] , NP[n omoia] wotéco VP[mapapéver] dratépmg
Kpiown . #

Pass 2:

NP[To &do , tpaywd OOue] ovtig NP[tng 1otopiog] , NP[n 25aypovn Apoiio]
NP[[Manradomovrov] , VP[ovveyilel] VP[va divel] PP[asmé v evratukn povada] NP[tov
EpvBpov Ztavpov] , NP[tov aydva] e VP[va kpatnbei] PP[otn (o] . # Zopemve PP[pe To
ONUEPWVO WTPIKO avakowmBiv] , NP[ov Oepdmovteg wtpoi] , VP[dwmotavouv] pikpn
Beitimon NP[tng xatdotacng] , NP[n onoia] wotdéso VP[rapauével] idontépwg kpiowun . #

Pass 3:

NP[To d&iko , tpoywd 6opa] NP[avtig g totopiag] , NP[n 256ypovn Apoiia]
NP[[lomadorodrov] , VP[ovveyilel] VP[va divel] PP[ond v evtotikny povéda] NP[tov
EpvBpov Ztavpod] , NP[rov aydva tg] VP[va kpatbei] PP[ot {on] . # Zopewve PP[ue to
onuepwd wTpikd avakowvwbév] , NP[ov Oepamovtes wrpoi] , VP[Swmiotdvouv] pukpn
Beitimon NP[tng xatdotacng] , NP[n onoia] wotdéco VP[rapapéver wbwntipmg kpioyun] . #

Pass 4:

NP[To d&io , tpaywd 6OOua] NP[avthg tng 1otopiag] , NP[n 25daypovn Apoaiic]
NP[[Taradomodrov] , VP[ovveyilel] VP[va divel] PPlard tnv evtatikiy povdada] NP[tov
EpvBpov Ztavpov] , NP[tov aydva mg] VP[va kpambei] PP[om (of] . # Zopeova PP[ue to
onuepwvd wtpcd avaxowvmbév] , NP[ot Oepdrovieg watpoi] , VP[dwmotdvoov] NP[pukpn
Pertioon] NP[t¢ xatdotaong] , NP[n omoia] CON|metéco]| VP[mopopéver dratépmg
Kpiown] . #

Pass 5:

NP[To arro , Tpayko6 BOpa avtig g totopiag] , NP[n 25ayxpovn Apairio Moradomovrov]
, VP[ovveyilel va divel] PP[ amdé tnv evratki] povada tov EpvBpod Travpod] , NP[tov
aywve gl VP[va xpoatndei] PP[otn Com] . # ZOupwva PP[pe 10 onuepvd 1otpucod
avakowmbév] , NP[ov Oepamovteg wtpoi] , VP[dwmotdvouov] NP[puwkpr) Perrioon tng
katdoraong] , NP[n onoia] CON[wotdoo] VP[rnapapével diottépmg kpioun] . #



