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Abstract

A way of extracting French verbal chunks, inflected and itifiaj is explored and tested on ef-
fective corpus. Declarative morphological and local graannales specifying chunks and some sim-
ple contextual structures are used, relying on limiteddaxinformation and some simple heuris-
tic/statistic properties obtained from restricted cogpoilhe specific goals, the architecture and the
formalism of the system, the linguistic information on whit relies and the obtained results on ef-
fective corpus are presented.

1 Introduction

It is generally admitted that taggers or chunkers, eithaissical or grounded on linguistic knowledge,
will never reach perfect results However, it is also generally admitted that there are cadese, using
only local contextual part-of-speech information and @ihienformation coming from morphological
items, deductions on categories or chunks can be made withsiicertainty.

In this situation, the crucial question is: what resultssambtained with such and such information ?
or, conversely, what information does one need to obtamghrticular result ? We here try to address
these issues with the presentation of a system that hasiasritsdiate target the identification of verbal
chunks — finite and infinitive — in French.

We will readily agree that this target is fairly limited, cpared to that accomplished by general pur-
pose taggers and chunkers. However, to dig into a problempam practice is to split it into smaller
ones: our goal is to identify as clearly as possible the pdiis and limits of different types of infor-
mation with respect to specific structures,, for the matter, verbal chunis

Given this issue, the general and strong requirement whidetlies the specification of our verbal
chunk extractor is: do the more with the least. That is, wetwamaximally reduce the resources

*Thanks to Zulema Solana for her comments on a previous veddithe paper, the responsability of which is entirely ours.

1Abney ﬂ] gives the following example: “to correctly disamgbate help in give John helg; versuslet John helg-, one
apparently needs to parse the sentences, making refecetieediffering subcategorization framesgive andlet.”

2Tapanainen and VoutilainelElll] discuss this point and gieefollowing example: “we can safely exclude a finite-verb
reading if the previous word is an unambiguous determiner.”

30ur system belongs thus to partial parsing (cf. Manning &tﬂzlﬁ, p. 375]) but with verbal chunks as the target of the
analysis and not the most currently practiced nominal @sa3he reason of our choice is the potentiality of inferenme the
syntactic analysis of the whole sentence that can be driven &nalyzed verbal chunks; on the importance of correetging
verbs, see Chanod & Tapanainﬂw [5] and footnote 6.



necessary to put the system into use, either lexical infoomar tagged corpus, but keeping in mind
that this must not hamper final results on effective texts: gameral underlying hypothesis is : with (i)
a simple linguistic modelization, chiefly relying on morpbgical expressions in verbal, nominal and
prepositional chunks, plus (ii) very limited lexical resoes, plus (iii) heuristic statistical information
on forms not covered by the previous (i) and (ii), it is pokstio obtain results standardly considered as
good,i.e. around 98% of recall and precisién

As a consequence, the system is centrally rule-based, btatistically completed. The satisfaction
of the general requirement on resource poverty settlesafambe between the two types of contributions.
We use as much as possible a simple linguistic modelizatibith exempts from the use of large tagged
corpora, and we complete it with very simple statisticabmfiation. People more or less agree on the
respective advantages and disadvantages of corpusisgatist linguistic knowledge (see Chanod &
Tapanainen|]5] and Bril[[4] which represent opposite oa¢inhs) and both approaches can or must —
ordinarily, they are — be put to work together, the most ingnatrdifference coming on the weight given
to each one.

In general terms our system can be characterized as workthg bpposite way of the transfomational-
based learning way of tagging (on this, see Hiil [4], Chatrii, Manning & Schtze|[B]f.

Itis known that the transfomational way of tagging is orgaudliin two steps. In the first step, a simple
algorithm records for each word its most common part of spé&ethe training corpus. The tagging of
new texts consists in simply assigning its most common tagatth word. The reported results of this
level are 90% accuracy. In the second step, rules are proposkevaluated in order to change the tags
obtained in the first step into others intended to be morerateuE.g. related to our issue, a rule can be:

Change a verbal tag into a nominal tag if the previous word i©oa ambiguous determiner.

Transformations are not specified in terms of linguisticwiealge. Given/PoS the total number
of parts of speech, there ajlrRoS? possible transformational rules of the previous type. Téeessary
training data 4.e. tagged corpus of several hundred thousands words - are thém@use. The system
tries each possible rule on the training data measuring ¢beracy the rule induces. And Charniak
reports:

Some rules make things worse, but many make things bettbweapick the rule that makes
the accuracy the highest. Call this rule 1.

Next we ask, given we have already applied rule 1, which obther rules does the best job
of correcting the remaining mistakes. This is rule 2. We k#@ipg this until the rules have
little effect. The result is an ordered list of rules, typigaumbering 200 or so, to apply to
new examples we want tagged.

In our system, structural rules (see below section 5) esptessimple needed linguistic modeliza-
tion. They are the counterparts to the transformationaksrédr tags changing, but they are not learned
by some algorithm and they are not used for erasing or madjfglready obtained results coming from
a previous step. Our heuristic/statistical informatiothis analogous of statistical information calculated
on the first step of the transfomational-based learnindegiyawith the big differences that it does not
concern all words related to verbal chunks, but only the eviesse tags are not assigned by structural
rules, and that our “training” corpus is extraordinary regldicompared with training corpora used in the
statistical ways of doing things.

4Manning & Schtze |]8, . 371] report the range of 95% to 97% fmuaacy numbers calculated over all words; Charnl]ik [6]
reports 97%; Habert & al.|[7] recall the standard figures f%626 98%. Reported figures for French are 96.8% for a stalstic
tagger and 98.7% for a constrained based one with heurigés (see Chanod & Tapanain{h [5]). In general it is diffibnistate
clearly revealing figures given the different parametetsrirening in the tagging tasks.

5The systemis thus, iapirit if not necessarjly in expressive or covering power, in the bf Chanod & Tapanaineﬂ [5], the
EngCG tagger|[13], Tapanainen & Voutilain [11], TapaBaié. Jrvinen].



In the following, sectior[|2 specifies the targeted task ofsystem, sectioﬂ 3 presents the system ar-
chitecture, sectiof] 4 describes linguistic resources aatiosi[§ illustrates rules of the system. Secfion 6
is devoted to the analysis of results obtained by a detailelliation: we are not only interested by the
obtention of global figures but also by a more detailed orewaig to discriminate between the differ-
ent types of parameters which contribute to global resBlsticularly, we want to discriminate between
results obtained thanks to the linguistic modelization eexiilts obtained thanks to heuristic/statistical
choices, to discriminate between missing resources ardta# counter-examples, and we want also to
be sure that “good” results do not necessarily come from b biglominant percent of non ambiguous
forms®. The perspectives of the system are discussed in the fim’adlsﬁc

2 Task Definition

In French, verbal chunks may include, in addition to a vertieus:
e auxiliary verbs, of two types as ifean a mangr in Jean est reparti
e clitic pronouns, as idean le lui prend
e negation particles, as itean ne parle pas

e adverbs, as idean a rapidement mang

e occasionally, incidental phrases or clauses, aean a, par ailleurs, mang

e and, in infinitive verbal chunks, a preposition, adliparle de le prendre

With the only exception of the negative particle, and of some reflexive forms, all the morpheme
expressions in verbal chunks are ambiguolgscan be an article or a clitic pronounj a nominative or
a dative clitic pronounena preposition or a clitic pronouipasa particle in negation constructions or
a noun, etc. Futhermore, many verbal expressions are aoisgunotecan be a verb or a nouayoir
a noun or the infinitive of one of the two auxiliary formsavoira noun or an infinitivegntrea verb
or a prepositionjnversea verb or an adjectivdui the past participle of the verhire or the clitic or
the nominative pronoursoita verb or a conjonction, etc. Besides this, verbal forms asealixiliaries
can also be used as main verbs addan est trist§John is sajl ou Marie a la migraine(Mary has got
a headache But, despite this superabundance of several differemdskibf ambiguities, for a human
reader, effective texts are never ambiguous with respaerual chunks.

One central challenge of verbal chunk extraction is thusbeesmorphological and/or lexical and/or
functional ambiguities. But we do not think that disambigm of items in the whole sentence or, even,
in the targetted structures, is a step which must necegsaribichieved before the obtention of chunks.
In any case, we want to find out how far one can go with diffeiéntls of limited information and
combining disambiguation with chunk extractian

6Manning & Schtze|]8, p. 374-375] points that “some authove giccuracy for ambiguous words only in which the accuracy
figures are of course below”. In the literature reportingutissit is not always possible to find discriminated resutis&mbiguous
and not ambiguous forms. Even in Chanod & Tapana?ﬁen [5]evaetually some figures are discriminated, the ones on tiralbve
performance of the reported system are not. The point isitapbfrom a methodological viewpoint; see Habert & ﬂ [High
points futhermore that tagging errors have quite differmsequences on the syntactic analysis of the whole sentepending
on the kind of ambiguity: a tagging error on the noun/verb igiity will more significantly hamper the results on the saiic
sentence structure than a tagging error on the past péetailjective ambiguity.

“Manning & Schtze|}3, p. 374-375], observes that althoughirttezest in tagging comes from the belief that many enginger
applications to language processing must benefit from sjiosdly disambiguated texts, “it is surprising that theeem to be
more papers on stand-alone tagging than to applying tadgiadask of immediate interest”. Our system aims at overngrthis
criticism by combining tagging with chunk extraction.



3 System Architecture

The system consists in two modules: Smorph, which perfookenization and morphological analysis
(At-Mokhtar [E]), and Pasmo (Paulo et al[l [9]), which, givise output of Smorph, delimits sentences
and, in the present case, verbal chunks, based on “recotigpasiles” similar to rewriting rules. Smorph

and Pasmo are related by a script interface tagging unknawtisidpy Smorph. In addition, the system is
associated to an evaluation software (Trouille@ [12])akhtan provide detailed evaluation results (cf.

sectior[ Y.

Given a text file, Smorph outputs a list of tokens of the form:
surfaceform [l emm, FVL]

whereFVL is a feature/value list.
A Pasmo recomposition rule is of the form:

token; ... token, -> tokeny ... token,

with the reading “a sequence of tokens matching the lefdtsiae of the rule is to be recomposed into
the sequence of tokens specified in the right-hand side ofuleg (i.e. basically, the reading is the
inverse of that of traditional rewriting rules). The Kleen®perator may be used in the left-hand side
of the rule. In the new tokens produced by a rule,dbe f ace_f or mandl emma elements may either
be specified as specific strings of characters or as the eratain of thesur f ace_f or mandl enmra
elements of the input tokens, while the feature/value @aigo be specified as strings of characters only.
Examples of rules are given in sectign 5.

The data structure output by application of Pasmo rulesdsstime as that output by Smorph, al-
lowing cyclic application: the rules are first applied to thetput of Smorph, producing output 1, then
applied again using output 1 as an input, producing outptliey applied again, . . . until the inputis such
that no rule applies.

The purpose of this paper is not so much to introduce a newkihgisystem, but rather to analyse
the importance of different types of information in a churkprocess related to verbal forms. We thus
won'’t go into a detailled comparison of Smorph-Pasmo witisténxg systems.

4 Lexical Linguistic Information

The declarative source of Smorph is a lexicon in which thguist declares lemmas and the set of
feature/value pairs associated to each of them in termsedfitiflected forms. It is possible to express
in Smorph compound words, hyphenated, aemue-mnagécommotiof or not, as inpomme de terre
(potatog.

Contrary to general practice, the basic choices with regpexur lexicon are:

o With the exception of verbal forms which are ambiguous§ laginflected) ompp (past participle),
ambiguity is not expressed by the multiplication of the séonms. E.g. there are not two forrtes
one associatedto avalaet [ i cl e] and the othertoavalug [iti c], nor two formsnote
one associated o[ oun] and the other to[ er b] ; instead there is a unique forl@associated
to the valueoc| of the featureAMB[ i gui t y], which expresses the potential ambiguity of the
clitic, and a unique fornmoteassociated to the values of the same feature, which expresses the
potential ambiguity of the verb.

o With the only exceptions of plural first and second persorbverms, no flexional values are
associated to morphological or lexical forfhs

8Thanks to Mourad Sahi for his contribution with a programamgile results obtained on a set of files.
9The value is needed in order to distinguish contextuallytjesiinous as innous voulongwe wanj from a clitic one, as il
nous parle(He talks to ug



o Lexical categories are drastically reduced. There is nmmategory, and adjective entries are less
than ten.

In its present state, as far as expressions occurring ingidml chunks are concerned, our lexicon
contains the following forms:

1. all the verbal forms of our “training” and test corpis

2. all the morphological forms which can appear in verbalnitsu clitic pronounsne, pas preposi-
tions in infinitive chunks (de etc.),

3. a subset of a restricted class of adverbaiasi, d’ailleurs, alors,

4. a subset of multiword frozen adverbial expressions whicbrporate forms which, in isolation,
can be verbs (e.gans doute, n'importe guvheredouteandimportealone can be verbs).

Items (1) and (2) are intended to be exhaustive, while thimisthe case of items (3) and (4). Verbal
forms are categorized as follows:

o inflected formd | are either categorized as (potentially ambiguous forms), a®te or catego-
rizednv (not potentially ambiguous forms), ascepteinfinitive formsi nf are either categorized
asoi n (potentially ambiguous forms), a&venirt or categorizedi n (not potentially ambiguous
forms), asassurer

e a subset of the potentially ambiguous inflected forms (aategv) is further categorized as hav-
ing a statistically unlikely verb reading, (categqry, j [ amai s] v[ver be], never verh, as
empire

e past participles, whether they are ambiguous with respewbtins (e.gentre or not (e.g.dormi),
belong to a unique categopyp,

¢ verbal forms which are ambiguousfas (inflected) ompp (past participle), e.dfait, are associated
in the lexicon to two different forms, one categorized dsand the other agp.

In addition to this categorization, as stated above, first sgcond person verbal forms (and only
those) are associated to flexional information in the forra pérson and number feature.

There are in all in the lexicon 1.731 verbal forms: 658, 595 pp, 478i nf. With respect to
ambiguity, the significant figures are: 429 (about 4/B)forms arenv while 229 areov; 440 (92%)

i nf forms areni n while 38 areoi n .

In addition to forms occurring in verbal chunks, the lexiceo contains some prepositions, de-
terminers which are not ambiguous with forms inside vertainks, asun, des, ce...unambiguous
possessives, anon, ses...a small set of adjectives (less than ten), a small set ofqanos, asdl, on...
and ponctuation marks. The forms other than ponctuatiofksnahich are not verb forms and which
can appear outside verbal chunks (this is not the case, Engntinative or some reflexive clitics a,
me, sg, are all categorized asuf (au[tre] f[orne], otherforn). There arein all 21@uf forms
in the lexicon.

With so limited lexical resources it is obvious that not aken forms in texts will be associated by
Smorph to some feature/value categorization. In fact, th bwe “training” and test corpus a little more
than 1/3 of the forms are not recognized by Smorph and areiassd by the script interface tad,
auf ] feature valuesgu being a feature value not used in the lexicon). Overall, 2/the tokens are
associated to the most frequent feature valué.

10n order to examine the minimal lexical information (in teviof categories) required for our proposed task, beforeingrthe
system on a given corpus, we make sure that to all the verbgbatentially verbal forms in the corpus correspond an gmyaite
entry in the lexicon. In other words, lexical coverage isealuated here. We intend to evaluate hypotheses, notroesou
11There were no examples of error expressions in the resuitecoing ambiguoupp forms.



The following is Smorph output fdf la note

[ "il", "TPRO ,’ pnom, 'TPASS ,’  auf’].

"la' .

[ "la, "TFG ,’cl’, "AWB' ,’ocl’, 'TPASS ,'auf’'].
‘"note’.

[ "noter’, "TRV ,'v', "MOD,'fl', "AWB , ov'].

where, besides the already commented vahugfs, f | , ov, the valueppnom cl , v, ocl stand for
nominative pronoun, clitic, verb, ambiguous cljittespectively.

5 Rules

Four basic types of rules are expressed in the same ovemalafism:

1. Structural disambiguation rules of potentially ambigsigerbal formsdv) which are actually not
in chunks.

2. Rules for the construction of verbal chunks

(a) not potentially ambiguous,
(b) potentially ambiguous.

3. Rules for the disambiguation of potentially ambiguousrtts.
4. Rules for the disambiguation of forms not disambiguate(ibhto (3).

The rules are illustrated in the following in a semi-formatation, where capital letters stand for
variables and feature/value pairs are reduced to a minimema value. Tabl(ﬂl gives the key to the
symbols used in the examples.

Rules (1) concentrate on prepositional and nominal phraseison the initial sentence position.

As an example, the rule

X[ det] Y[ov] --> X[det] VY[not-vV]

specifies that an ambiguous verbal form following a deteemis not a verb (e.gce jugs.

Lexical forms Chunks

cl clitic vnf | not ambiguous verbal inflected chunk
ocl ambiguous clitic vnfla [ ambiguous verbal inflected chunk |
v verb

ov ambiguous verb

nv not ambiguous verh Other symbols

det determiner not - negation prefix

prep | preposition + concatenation operator

pnom | nominative pronour

Table 1: Key to symbols used in the example rules.



Rules (1) are not intended to be exhaustive, but have beerceddo what was considered to be
a strict and sufficient minimum in order to obtain the progbseget. Thus, it is apparent that many
potentially ambiguous verb formey) remain: their potential ambiguity is not resolved.

Rules (2a) are specified around non ambiguous verb} énd also around potentially ambiguous
ones 6v), inasmuch these are contextually disambiguated intigrimthe verbal chunk by the presence
of an unambigous form (e.ge).

As an example, the rule

Xcl] Y[cl] Z[v] --> X+Y+Z[vnfl]

disambiguateke, lui anddonneand constructs the chunk dacques [le lui donng}s .

Rules (2b) specify potentially ambiguous verbal chunkdaioing at least two forms. This situation
typically arises when chunks are formed by a clitic prononith @ verb, the two being ambiguous.

As an example, the rule

X[ocl] Y[ov] --> X+Y[vnfla]

specifies a provisional ambiguous chunkBonoteor en charge
A challenge for rules (2) is the identification of incidenpdrases. Two basic types of incidental
phrases were foreseen, one between commas and the otheutyéh in

e |l a, trs souvent, tinvit.
e Il atrs souventtinvit.
They are respectively described by the two following stioes making use of the Kleene + operator

, auf+ ,
auf +

These straightforwardly say : incidental phrases in veshahks are constructed by one or matg
expressions, which can be preceded and followed by comnegseridling on the verbal chunk, the point
of insertion of the incidental phrase can be one or anotladiowing the general strategy, not all possible
incidental phrases were defined in our rules, but the gehgmathesis is that the same structures are
candidates to express all of them.

Rules (2a) and (2b) are intended to be exhaustive within teepective scopes : Rules (2a) must
build all non ambiguous verbal chunks and Rules (2b) all gondils verbal ones with two forms. After
application of these rules, some verbal forms (lreones) and verb chunks (the ones builded by Rules
(2b)) remain thus to be disambiguated. This is the job of (8¢ and Rules (4).

Rules (3) take advantage of the cyclic application of rufdter cycle I, the already specifiethf |
can be used to disambiguate already specifigdl a andov verb forms..

As examples, the rules

Xvnfl] Y[vnfla] --> X vnfl] Y[not-vnfl]
X{vnfl] Y[ov] --> Xvnfl] Y[not-vnfl]

will respectively be in charge of the resolutionasf chargen Il [n’est pas],ns1 en charge d’une solutign
whereen chargeis not a verbal chunk, and @omptein Il [tient] yns; compte d’'une solutignwhere
comptes not a verbal form. By the same token but with opposite ¢ffebe rules

X[ pnom Y[vnfla] --> X[ pnon] Y[vnfl]
X[ pnom Y[ov] --> X[ pnom Y[vnfl]

will respectively assigiwnf | tola jugein Il la juge and tocomptein Il compte venir



It is at this point minimal statistics proceeds. Intuitivelr using very simple heuristic techniques on
very restricted texts, it is easy to know that, given themlis@uation performed by rules (1), ambiguous
verbal chunks containing at least two forma{ | a) are more frequent as nominal phrases than as
verbal chunks (in particular ds, la, lesare most likely to be determiners, andeass more likely to be
a preposition), and, conversely, that ambiguous verbai$dov) alone, excepted thjev ones, are more
frequent as verbal chunks than as nouns. Rules (4) expiigss th

We operate thus with rules that can be cal#dictural i.e. Rules (1) to (3), and with remaining
Rules (4), which are poorly heuristically motivated ruledving the “other” cases . Our system tags

asvnfl -1 andvni nf -1 inflected and infinitive verbal chunks obtained by strudtuuédes, and as
vnfl - 11 andvni nf-11 inflected and infinitive verbal chunks obtained by the renmgmules.
6 Results

Our general underlying hypothesis can be now preciselgdtalimited lexical resources as charac-
terized in Section 4, plus the linguistically motivatedustural rules (Rules (1) to (3)), plus simple
statistical/heuristic rules (Rules (4)) can reach resuolthe targetted leveli.€. around 98% recall and
precision). Effectively obtained results, which, aftee #xplicitation of the background for analysing
them, will be presented below, do not falsify the hypothesis

The obtained results must be analyzed in terms of the goatBeofystem on one hand, and in
terms of the actual kinds of implemented and/or foreseesrinétion on the other hand. We want to
distinguishmissing resourcesyhich are foreseen but notimplemented, from effective teuexamples
to our hypothesis. E.g. if in a corpus there is an adverb@dn expression or an incidental clause
in a verbal chunk, foreseen but not implemented, we do nosiden the errors resulting from such
non-implementation as counter-examples to the hypothasiss missing resources.

We know, with respect to forms inside verbal chunks, thabakforms and morphological items are
exhaustively implemented, while adverbs and adverbiaenoexpressions are not (see section 4). We
know futhermore that Rules (1) are not intended to be exiaysthile Rules (2a) and (2b) are intended
to be so, even if not all formally foreseen incidental phsagee effectively implemented. We know
finally that a subset of ambiguous verbal/j forms were classified on intuitive heuristic ground$ &s
(see section 4), and that thaf | a andov forms, remaining as such after application of structurkdsu
are classified by Rules (4) a®n- v forms andvnf | forms, respectively (see section 5).

From these, it is possible to classify counter-examplasrastural i.e. related to structural rules and
heuristig i.e. related to Rules (4). Structural counter-examples arbéurtlassified as being produced

(i) by incompleteness of Rules (1),
(i) by minor inaccuracies in the formulation of Rules (2),
(i) by lack of the expressive power of Rules (2).

The limits of the system and its underlying general hypdthase given by structural counter-
examples produced by lack of expressive power of Rules @tteer with heuristic counter-examples.
Intuitively, the system reaches its limits when it is notgibte to modify it without modifying its general
assumptions.

To evaluate the system, we will use the classic recall andigiosr measures. In addition to these
measures, we defiriel (System Limits) as :

SL=(1— EE) %100

whereFE F is the ratio of 'error expressions’in a corpus test over thaber of chunks actually observed
in the corpusi(e. the denominator of the recall measure). An error expressi@ither an expression



| | | possible| actual | correct | recall | precision]

infinitive 392 392 392 | 100.00| 100.00
training finite 819 822 814 99.39 99.03
all 1211 | 1214 | 1206 | 99.59 99.34
infinitive 285 283 282 98.95 99.65
test state 1 finite 668 677 651 97.46 96.16
all 953 960 933 97.90 97.18

Table 2: Results on training and test corpus in state 1.

possible| actual | correct | recall | precision
infinitive 285 284 284 | 99.65| 100.00
test state 2 finite 668 673 661 | 98.95| 98.22
all 953 957 945 | 99.16| 98.75

Table 3: Results on test corpus in state 2.

observed in the corpus test to which correspond one or moadi o& precision error&’ or an expression
output by the system as a verbal chunk which do not correspopdrt or in totality to an actually
observed verbal chunk.

Given this background, it is now possible to report and as@gffective results of our system.

We used a 13,000 word corpus of finance news articles to tungystem during development. This
corpus will be referred to as the “training” corpus. We engiba that the “training” corpus is not a
previously tagged one. It is used neither to extract stegisinformation on n-grams withh > 2 nor
to learn rules from it. Structural rules and the lexical imfiation which were needed were foreseen as
working hypotheses. The contribution of the so-calleditiireg” corpus is thus limited to the tuning of
the system, to the verification of heuristic choices reléddules (4) inasmuch they concerm andj v
forms, and to the detection of adverbs and adverbial frozpressions incorporated to verbal chunks.
See in Table 2 the results on the “training” corpus.

The system underlying the results of the “training” corpaswvapplied to a 10,400 word, previously
unseen, “test” corpus of the same source. After this apjmicawe detected 13 adverbial expressions
which were missing in incidental clauses and added to tHederesources. We refer to the state of the
system at this stage as “state 1”. The system in state 1 wdie@pp both the “training” and the test
corpora. Results are stated in Table 2. Pbssibleandactualcolumns give the number of verbal chunks
in the manually tagged corpus and in the output of the systespgectively.

Analysis of results on the test corpus reveals two missing figrmally foreseen) Rules (2) for in-
flected verbal chunks with incidental clauses, and four minaccuracies in the formulation of Rules
(2) (two related to inflected chunks and two to infinitive onde two missing rules for inflected verbal
chunks were added and the four verbal chunks rules modifieel system in State 2 was thus obtained.
These modifications allowed the correct identification ofri@re finite verbal chunks and of 2 more
infinitive verbal chunks (see Tal:ﬂe 3). On the “training”pos, the system in state 2 produces the same
results as in state 1, except for one additional error.

12| the sentenceAucun groupe tranger n'a pour le moment fait connatre sort,imine observes the finite verbal chunla
pour le moment fait Given this sentence, the system actually identifies tweefinerbal chunks'a andfait. We here have one
recall error (the observed chunk is not identified) and twezjgion errors (the system identifies two chunks which at®bserved
as such in corpus), but only one error expressiga:pour le moment faitThe recall and precision errors are correlated and this is
taken into account in the computation.®f.. Note thatS L ranges from 100 (perfect result) teco. Negative values are obtained
when the system produces more error expressions than tieeobserved expressions in the corpus.



label correct | actual | precision
vni nf -1 273 273 100.00
vni nf-11 11 11 100.00
vnfl -1 615 618 99.51
vnfl-11 46 55 83.64

Table 4: Precision figures for different rule types.

The analysis of error expressions in the results of the agidin of the system in state 2 to the test
corpus allows to obtain a first estimation®f. and its underlying general hypothesis.

On the test corpus, 16 error expressions remain. They apeiagsd to 20 recall or precision errors
obtained by the system :

e 2 error expressions concern both recall and precision4ioxverall errors),

e 1 error expressiof concerns 1 recall error and 2 precision errors (i.e. 3 overairs),
e 8 error expressions each concern a precision error only,

e and 5 error expressions each concern a recall error only.

Out of 8 error expressions concerning precision errorsisg #imom incompleteness of Rules 1. They
affect finite verbal chunks but can be easily completed withe expressive power of the system. Thus
they can be considered as counter-examples not affecting SL

All of the other error expressions€. 13) lead to mistaken results which are truly counter-exaspl
counting for the calculation of SL.

The 3 error expressions affecting both precision and rexrallproduced by lack of expressivity
of Rules (2), and as such, they are true counter-examplesy dlhinvolve finite verbal chunks with
incidental clauses which are not marked by commas a%imcours . .. [a pour sa part plus que doubl]
The system cannot currently deal with such cases, begautdeing a potential verbal form, is not an
auf (see section 4). We know that these error expressions dgeriéracall or precision errors, all of
them on finite verbal chunks.

The 10 remaining error expressions which are true counxt@mples are all produced by statisti-
cal/heuristic failures. Only 1 of them is an infinitive vetisaunk (an error affecting recall). 4 affect the
recall on finite verbal chunks and 5 the precision.

Thus we have the overall ratio of counter-example error@sgionsEE ~ 0.014% (i.e. 13/953),
which givesSL ~ 98.6%.

It is also interesting to remark that in the Smorph outputheftest corpus there are 464 potentially
ambiguous inflected verbal fornay over 673 effective verb inflected chunks (69%), and 38 pattyt
ambiguous infinitive verbal formsi n over 284 effective verb infinitive chunks (13.4%). This igion-
tant because the challenge for disambiguation arises ®mo@ndoi n forms. In the test corpus, figures
of ov tokens ovewnf | forms (.e. 464/673) practically inverse the ones in the lexicomafoverf |
forms (.e. 429/659) (see section 4).

The error expressions which are true heuristic countem@kas can thus be reported to the challenge
forms,i.e. 9/464 forov forms, and 1/34, fooi n forms, which gives~ 1.9% and~ 2.6% respectively.
We claim thus that the encouragiBg. obtained does not come from the fact that the challenginggor
are weekly represented in the test corpus.

The verbal chunks obtained by the structural rules (1) taa(8)tagged/nf | -1 andvni nf -1 : it
means that these chunks are defined structurally as verbaksh The verbal chunks obtained by the

13The example in footnotEIlZ paﬂe 9.
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rules (4) are taggednf | - I | andvni nf - I 1. These chunks are heuristically defined as verbal chunks.
The glass box evaluation allows us to discriminate betwhenwo sorts of tags and it is interesting to
note that there is no significant difference between theigimtobtained for both tags relatedai nf .
Table[l,l reproduces the results obtained for these tags dagheorpus.

7 Perspectives

Neither all finite verbal chunks nor infinitive verbal churdan be obtained by our system. However,
it allows at this stage to reach a good level in the disamltigndask. Ongoing work deals with the
evaluation of the cost, in terms of lexical resources anguistic rules, to increase the results of the
extraction of verbal chunks. It may be summarized by theofalhg question: what kind and what
guantity of new information does one need to significanttyéase the results ?

Besides this, we also plan to:

e extend the system and develop our set of linguistic rulesetfopm the extraction of all verbal
forms, including gerund and present participle chunks,

e further describe the potential incidental clauses whitigirbal chunks,

e extend the coverage of the system to verbal coordinatiomdéfand infinitive verb, as well as
participial forms in French,

o take advantage of collateral benefits of the system: if yezbanks are correctly specified, we
may incidentally deduce that all occurrences of ambiguotra$ not in verbal chunks must not be
associated to the function or the category to which they sseaated in verbal chunks. Eg., all
lui forms not in verbal chunks and not following a prepositiorstriie associated to a nominative
role ¥,

Future work will also consists in testing the system on coafoom various sources and of different
types, the goal being to isolate different sets of rules wapect to their precision and effectiveness in
terms of recall. This next system could then become a modyktem which the user might use with
higher precision/lower recall or lower precision/highecall, depending on his needs.

In other respects, we are also focused on the applicativerdiion of a such system, and one appli-
cation domain in which one would need high precision is teagrhin the field of language acquisition,
our system may be used to set up a large variety of exerciggglosal contexts. The rule-based system,
provided it is reliable, and the evaluation system can atsaged in order to automatically detect the
errors made by the students in the exercises. By integrétisgystem in a specific software, we are
searching two goals: one is to link development in Naturaldieage Processing with the issue of French
grammar teaching to foreign students and the other is t@eshardifferent concerns of NLP and teaching
methods.
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