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Abstract

This article presents a three steps algorithm for
mor phological disambiguation between the definite
article and the personal pronoun in French
language. Tested accuracy in a large untagged
corpora exceeds 98% with less than 1% of error.
Our method has been also experimented on
unlabeled Greek corpora and the results prove the
system’ s portability to other languages with similar
structure. Not any prior knowledge is available.
The rule-based procedure is robust and self-
correcting. It can also be used as a shallow parser
for verbal and nominal groups identification. The
last step of the algorithm consists on the creation of
adictionary with classification of the entriesin two

grammatical categories: nominal and verbal.
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1 I ntroduction

Word-forms are often ambiguous. The
sentential context normally decides which
analysisis appropriate, thisis caled
disambiguation. And that is one of the
problems that a conventiond parser has to deal
with before tagging. This paper presents an
agorithm that can accurately disambiguate
with a success rate of 98% the homonymy

between the definite article and the personal
pronoun, (see table 1) found into both French
and Greek languages. This case of ambiguity
shows that the same phonetic redlity
corresponds in two radicdly different

sgnifications. Here for both languages the
definite article is a determinant and the
persona pronoun is areferent, it replacesa
nomina or verbal group used in the context
before.

The method uses the technique of
alignment and avoids the need for costly hand-
tagged training data, using asmall lexicon
containing only the grammatical words.
Languages offer regularities and thus the
possibility of generating rules that can resolve
the ambiguity. The procedure is based on the
statistics issued from the digtributional analysis
[1] of the grammatical words in different
context.

Table 1. Articles or pronounsin French and Greek.

French Greek
singular le la I’ t??, 122,12,
t??,1??
plural les 1?2?1272, ta
There are two basic methods for

morphologica disambiguation : rule-based [2]
and probabilistic or stochastic methods [3].
Mostly of the disambiguation rules taggers are
inspired by the Constraint Grammar [4].
Recently a Systemic Grammar [5] proposed a
compositional modelling technique tested on
grammatically tagged corpora. Even when the
disambiguation rules are automatically
acquired [6], they are based on tagged text.
The probabilistic ones are dominant since
1980s, one of the earliest is the system
CLAWS[7], which uses gatitical
optimisation over n-gram probabilitiesto
assign each word with atag. An improved
version of CLAWS (success rate is 96%)is




used for the 100-million word British Nationd

Corpus [8], similar success have been reported

for English from others [9]. Most of the

stochastic systems derive the probabilities from

a hand-tagged training corpus. Some of them
based on a Hidden Markov Model can be
trained on an untagged corpus with a reported
success rate of 96% for English [10], [11],
[12]. We dso find in [13] the use of the [14]
agorithm which disambiguates severa types
of attachment ambiguities.

2. Thealgorithm

The system we developed is divided in athree
levels analysis (figure 1 shows the algorithm's
concept). The first one consists on the

execution of the disambiguation rules based on

gyntactic information using tetistica

techniques [15]. Not any prior linguistic
knowledge [16] is necessary. The second one
uses the results provided by the first analysis
with rule application priority 1. And the last
one searches into the dictionary that the

program cregtes, for any similar word that has
aready been registered. The training corpusis
composed of different kind of texts (but mostly

literature and articles) for the French and the

Greek languages.

First we separate the corpusto single
phrases. Determining border for sentencesis
largely developed [17]. All phrases are aligned
to the kerne which is the ambiguous word.
This technique provides statistica information
about grammatical words' context.

CORPUS Phrases
v

Disambiquation rules

1st step
Verbal case Nominal case
Occurrences
2nd steg
decision pronoun W' cle
Verbal case Nominal case
Creation of the
3rd step Dictionary
=
98 % success rate
Figure 1. Schema of the algorithm.

Table 2. Extract of therules.

Rule | LC3 [LC2 | LC1 | Ambiguous RC1 RC2 | RC3 | Decision |Case Prio

num words rity
1 * * =Prep * * * * aticle Preposition + article 1
2 * * =Pron * * * * pronoun [ Pronoun + pronoun 1
3 * * =Neg * * * * pronoun [ Negation + pronoun 1
4 * * * * =PosPron | * * article Article + Possesive Pronoun 1
5 * * =Prep * =Suf Inf * * pronoun | Preposition+pronoun+infinitive 1
6 * * =Ger * * * * article Gerund +article nominal 2

2.1.1. 1st step analysis

The firg treatment uses the disambiguation
rules set (as shown in the table 2 above) to
determine the grammatical nature of the

ambiguous words. The table has an

ergonomical architecture which provides
execution rapidity, possibility to add a new

rule or to remove an existing one and

portability to other languages with smilar

syntactic structure. The examples shown here
are extracted from the French training corpus.
The equivaent exists in Greek.

The rules presented above can be applied
to both French and Greek corpora. There are
about fifty rules for the French and some less

for the Greek.

Thefirst line of the table defines

the context of the cells, LC corresponds to the
Left Context of the kernel or ambiguous word
(here article or pronoun) and the RC to the

Right Context

respectively. The alignment of

the phrases is showed with the three words that
precede and the three that follow the kerndl.
The annotation with the “=" means that a
subroutine trests separately the prepositions,
pronouns, negation, suffixes of the infinitive




etc, tests the existence of this type of
grammatical words in the phrase and if so the
equivalent ruleis applied. The “*” mearsany
word of the text. The “decision” column gives
the grammatical category of the ambiguous
word. The “case” column describes the
decison given just before and the last column
givesthe priority of the rules application. This
treatment provides an accuracy of 90,4% of
resolved cases. We write “no resolved” in the
case cdl and 10 in the priority cdl to the
phrases with the decision cell empty, for
further treatment. An extract of the text after
the first step analysisis given in the figure 4.
Each phrase of the text has a number as the
first column shows in the example below.

2.1.2. 2nd step analysis

We have observed that about 10% of the
phrases left without any decision, had often
smilarities, in the RC that immediately follows
the kernel (ambiguous word), with the phrases
having a decision. Therefore, the second
treatment tests only these phrases having an
occurrence in the RCL1 that has been aready
treated before. The system applies then the
same decision. This step is a self -correcting
procedure because if an occurrence found in
different phrases has different decisions (either
article or pronoun) given by rules with lower
priorities, then the decison with priority 1 is
the correct one and it is automatically applied
to the others phrases where the same word of
RC1 occurs. After this treatment the accuracy
is ggnificantly grown up to 95,5% of resolved
cases.

2.1.2.1. Creation of the dictionary

Before the last step of the analysis we would
like to present the idea of the dictionary. We
can add new entries to the dictionary at any
moment. The procedureis smple. Aswe
dready mentioned every rule has a priority tag.
Every rule applied the priority tag isgivenin
the flag column. After the first and the second
treatment we observe the phrases with their
decision after arule of priority 1 has been
applied. The system creates a dictionary with
the RC1 entries. That means that the words

found just after the kerndl are registered
according to their grammatical or verbd or
nominal category in adictionary. An extract is
presented in the table 5 below.

Table 5. Extract of the dictionary

num | RC1 Type Text origin
12 ame nominal |Luc

62 armée nomina |Pin-Up

231 | bourgeoisie nominal | Paresse

68 commandement | nominal | Luc

1521 | pose nominal |[Furet

312 | appliquer verbal Chabert
4519 | attachait verbal Domi

243 | pose verbal Domi

Thefirst column gives the number of the
registered phrase, the RC1 column contains the
different lexical entries, the third one describes
the grammatical type and the last one gives the
text that the phrase comes from.

2.1.3.3d step analysis

The last step consists on the use of the
dictionary. Wetest if any of the RC1 words
figure in the dictionary and if so we apply the
decision according to the type of the lexica
entry as the table 6 shows below. The system
examines only the cases of priority 10 and 5.
The 10 corresponds to the “no resolved” cases,
but the 5 corresponds to answers given by
equivalency, that may means ambiguity in the
semantic level which is not the object of the
present work, but we would like to use this
knowledge for afuture work. An example is
given below with “pose’ which can be either
verb on noun. The second step gave the
decision pronoun because of the equivalent
case found in the number 24. For these cases
the priority is aways 5. When the third
analysis takes place the system looks for
“doubles’ in both types. If it finds the same
entry with two different grammatical decisions
it just mentions “ambiguous’ in the priority
cell, so that we can manually verify the result.
This treatment adds a fair 3-4% of solution to
our “no resolved” cases and gives the
possihility of afuture semantic treatment.



3.

Conclusion

We have presented an agorithm that can
accurately disambiguate the homonymy of the
definite article and persona pronoun in French
and Greek languages. The system we
developed can aso be used as a shallow parser
to identify nominal and verbal groups [18] with
high accuracy (over 95%). After treatment the
success rate on completely untagged corpora
exceeds 98 % (actually varies between 98 % —
98,5 %) and the error isinferior to 1%. No

prior knowledge is available. The method is
easily adapted to other languages having the
same structure as we showed for the Greek
language. It can also be used for other cases of
ambiguity as well asfor shalow parsing. The
creation of the dictionary at the end of the
treatment with the grammatical type of the
lemmas gives a further possibility of

disambiguation. A future analysis may be

based on this for semantical extraction.

Table 3. Extract of the text “le diable amoureux”, after 1 step-analysis.

num | LC3 |LC2 LC1 Kernel RC1 RC2 | RC3| Decision | Case Priority
40 au fond a la pose sur la No resolved 10
41 la |pose sur la table assez | pres | aricle | Preposition + article 1
45 |finissa| a peine le commende e je No resolved 10
t ment
50 moins | pour| savourer le tabac que | pour| article | RC2réative 2
56 | contin | en fumant la pipe que ma | aticle | Gerund +article 1
uait
46 ie vois | disparditre la pipe ; et No resolved 10
Table 4. Extract of the text “le diable amoureux”, after 2nd step-analysis.
num | LC3 |LC2 LC1 Ambig RC1 RC2 | RC3| Decision | Case Priority
word
40 au |fond e la pose sur la | pronoun | Equivalent n°24 reg 5
41 la pose sur la table assez | pres | article | Preposition + article 1
45 |finissai| a peine le commendem e je No resolved 10
t ent
50 moins | pour| savourer le tabac que | pour| aticle | RC2reative 2
56 | contin | en fumant la pipe que ma | aticle | Gerund +article 1
vait
46 ie vois | disparditre la pipe ; et article | Equivalent n° 56 reg 5
Table 6. Extract of thetext “le diable amoureux”, after the 3d step-analysis.
num [ LC3 |LC2 LCL Ambig RC1 RC2 | RC3| Decision | Case Priority
word
40 a fond a la pose sur la | pronoun | Equivaent n°24reg | ambiguous
41 la [pose sur la table assez | prés| aticle | Prepostion + article 1
45 (finissai| a peine le commendem et je aticle | Dictionary n°68 6
t ent
50 | moins | pour | savourer le tabac que | pour[ articde | RC2relative pronoun 2
56 | contin [ en fumant la pipe que ma [ aticle | Gerund +article 1
uait
46 je | vois | disparaitre la pipe ; et aticle | Equivalent n° 56 reg 5
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