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I. INTRODUCTION

This is the first of a ser1es of,reports concerned

wlth the analysls of a youn9 child's spoken French. In the

body of the paper, and also ln the appendices, we 91ve

paslc data on the corpus and how lt was collected ln Parls.

The main thrust of the report, however, ls a

detal1ed analysls of the corpus ln the splrlt of the work

on probabl1lstlc 9rammars and model-theoretlc semantlcs

begun several years a90 ln the Instltute for Mathematlcal

Studles in the Soclal Sclences at Stanforda Gammon (1970);

Suppes (1970, 1971, 1972); and smlth (1972).

We b891n only the flrst stage Of analysis, namely,

the andysis of the 9rammar of noun phrases in Phillppe's

speech taken from the first three hours, the middle three

hours and the last three hours of the corpus, which ranges

from the tlme that Philippe was 25 months old to 39 months

old. In this and subsequent reports, we shall analyze the

developmental aspects of Philippe's speech and shall

investiqate the qrammar of the complete utterances, as well

as the set-theoretical semantics of those utterances.

However. to anticlpate results reported in detail below. we

did not find striklng developmental trends 1n' the

qrammatical structure of Phl1lppe's noun phrases.

The

applied to

klnd of probabl1lstie

the corpus represents

generative qrammar

the applicatlon of a
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certaln set of concepts that we think are 1mportant in the

detalled analysls of natural lanquage. Some of Our ldeas

are at variance wlth those cClllllllonly held by lllany linqulsts.

especially the role we asslgn to probabl1lstlc

conslderations. Consequently. even though these ldeas have

been set forth earlier in the publications _ntloned above.

lt seems desirable to repeat some of our general arqumenta

in support of the viewpoint we have a4opted.

Many linqulsts d.eply interested in generative

grammars have very negatlve vlews about the kinds of

frequency counts of vocabulary and utterance length that

characterize statistical linquistics. We want to urge that

there is no fundamental oppositlon between a generative

viewpoint of grammar and a probabilistiC analysis of

grammatical type8. what we propose is. we belleve. a

u.eful marriage of the two viewpoints.

By introducing probabilistic parameters that govern

the use of a given generative rule. we are able at once by

standard statistlcal methods to introduce a goodness-of-fit

criterlon to dlscriminate between two dlfferent grammar.

for the same corpus. It i. 1mportant that thls crlterlon

i. different from the crlterlon of which grammar accounts

for a larger percentage of the utterances ln the corpus.

In the present paper. we conslder two grammars. The first

grammar accounts for a slightly higher percentage of the
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t.otal ut.terances in the corpus. but fromt.he standpoint of

a probabilistic fit in terms of frequency of uses of t.he

generative rules matching the actual frequencies of

grammatical typeEl. the second grammar is much bet.ter. It

is also our feeling that the conceptual perusal of the two

grammars w111 indicate why the second gr_r is

intellectually more satisfactory than the first.. The

requirement that the paramaterEl attached to t.he generation

rules match the actual frequencies with which t.hese rules

are used in derivations is to impose a criterion that

requires the grammar to fit the corpus in a det.ailed way.

Those who have been concerned only about a

competence grammar will not be deeply interested ln our

probabllistic results. We shall not examine in this paper

the competence-performance lssue. but simply say that we

believe It. is reasonable to t.hink in terms of a performance

grammar in dealing wit.h a corpus of spoken speech and a

prObabilistiC crlt.erion ls nat.ural when dealing with a

performance grammar.

We also invest.igate the possibillty of introdUCing

.additional mechanisms on t.he generatlon of ut.t.erances. and

we mirror the.e mechani..s ln rest.rictions on the

probabili.tiC paramet.ers. In later sections we con.ider

t.he mechani.m t.hat. has t.he product.ion rules for a given

nont.erminal symbol. for example the rewrite rules for



determiners, be located 1a a push-down store. For thls

mechanism, a truncated geometrlc dlstrlbutlon governs the

selection of whlch rule to use for a glven generatlon. We

recognlze that thiS assumption ls too slmple, but lt 1.

interesting to .ee what decay ln the goodnesll-of-fit

result. from applying this strong addltional .tructural

a 8sumpt10n.

Generally 8peaking, lt 18 part of our program to

consider 8trong additlonal assumptlons and to match these

assumptlons wlth approprlate probabillstiC parameter8 ln

order to obtain increaslngly detailed and useful models of

speech productlon.

Finally, we want to remark that in no sen.e do we

conSider the probabillstiC account of the use of productlon

rule8 an ultlmate account. These probabl1itie8 themselves

are overruled ln particular cases by the semantlcs of a

particular utterance. They represent the results of

averaging over a number of utterances.

On the other hand we wish to 8IlIphaslze that it ls

far from our belief that the introduction of semantics

moves us from probabilistiC to deterministic models.

Probabilistic parameters are also needed at the level of

semantics, for we are a very great distance frOll

under8tanding the determlni8tic productlon of any

noostereotyped speech. In this report we Conslder the us.
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of ~he parameters in dealing W1~h ambiguity - i.e•• the

.i~ua~ion where ~ere are two dis~inct analyses of a given

ut~ranoe. We believe that the detailed examples worked

out in later sections of the paper show how the

probabilistic apparatus can be used 1n a constructive way

to help in disambiguation. In aubsequ..nt reports dealing

with the Philippe corpus we consider appropriate

probabilistic parameters and their application to semantic

disambiguation.
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II. COLLECTING THE CORPUS

Choice ~ the child. The subject for our study was

chosen for two reasons. First, we wanted to ensure that

the child chosen would be in close association only with

native French speakers. Second, we needed to find parents

who would be willing to submit to the rather demanding rule

that all they said, as well as what their child said, would

be recorded for one hour a week over an indefinite period

of time. Thus Philippe, the only child of a couple who

were in their thirties and members of a university

community, was chosen as our subject.

When we visited him for the first time, Philippe

was 25 months and 19 days old. He was a sociable little

boy who was not shy, even with strangers. During the

period of data collection he often went to the Faculty of

Sciences with his father who taught there. He also visited

his mother in a laboratory of psychology where she worked,

and he occasionally participated in experiments in the

laboratory. Usually he attended nursery school; When he

did not stay there the whole day a lady in her forties

stayed with him at his house. Both his mother and father

talked a lot with him and provided him with a verbally and

. intellectually stimulating environment.
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Conditions~ freguency ~ recording sessions.

During the first period, April 22 through June 24, 1971,

the observer (M. Le'veille') visited Philippe in his house

one hour a week. A group of 10 sessions was completed by

June 24, 1971, before summer vacation began. After an

interruption of nearly three months (83 days), when

Philippe went to the country, the sessions continued at the

same frequency through December 18, 1971. There was a

lapse of 14 days between september 30, 1971 and October 14,

1971 due to a strike on the Metro, which paralyzed Paris.

At that time 21 hours had been recorded, Then the visits

became less frequent one every fortnight. Again,

between December 18 and January 6, 1972, and March 23 and

May 6 a total of 63 days elapsed because Philippe was on

vacation. Session 33 was the last one, because Philippe

was leaving Paris for his summer vacation. The complete

sChedule of recording sessions is given in Table 1.

TABLE 1

Schedule of Recording Sessions

No. Date Age

1 April 22, 1971 25 months 19 days
2 April 29, 1971 25 26
3 May 6, 1971 26 3
4 May 13, 1971 26 10
5 May 20, 1971 26 17
6 May 29, 1971 26 26
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8
9

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33

8

June 3, 1971
June 10, 1971
June 17, 1971
June 24, 1971
September 16, 1971
September 23, 1971
September 30, 1971
October 14, 1971
October 21, 1971
October 28, 1971
November 4, 1971
NOVember 11,- 1971
November 18, 1971
November 25, 1971
December 2, 1971
December 18, 1971
January 6, 1972
January 20, 1972

~:~~~:~~ ~O,1~~~2*
February 24, 1972
March 9, 1972
March 23, 1972
May 6, 1972 (6)
May 18, 1972
June 1, 1972
June 15, 1972

27
27
27
27
30
30
30
31
31
31
32
32
32
32
32
33
34
34
35
35
35
36
36
38
38
38
39

o
7

14
21
13
20
27
11
18
25
1
8

15
22
29
15

3
17
o
7

21
6

20
3

15
29
12

*According to the regular schedule, Session 26
should have taken place on February 17, but because
Philippe was scheduled for vacation on this date, the
session was recorded earlier.

For practical reasons, recording sessions always

took place in the morning, generally not long after

Philippe had awakened. Each session, with a few

exceptions, lasted one hour. Although the recording

periods were relaxed and informal, Philippe was asked not

to leave the room in which the tape recorder (a UHER

Recorder L 4000) was installed for any significant time.

Usually the tape recorder was set up in the living room,
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which was at the center of· the apartment. Only the

microphone was moved to the kitchen during breakfast. If

Philippe wanted to play in his bedroom, the tape recorder

was taken there, and Philippe was asked not to go into the

other rooms too often or too long.

There were few variations in the sessions, because

they were held at about the same hour ftnd under the same

general circumstances. After the observer arrived,

breakfast was served in the kitchen. Following breakfast,

Philippe would play or look at books with the father or the

mother present, or possibly both, especially in the early

sessions. The observer took extensive notes on the

behavior of the participants.

During the first session the mother, who had

explained in advance the reason why the observer came,

showed Philippe how the tape recorder worked. Philippe

became accustomed rapidly to the routine and accepted it

without difficulty. There was no selected topiC of

Conversation in any of the sessions. The parents as well

as the observer encouraged Philippe to speak, and

consequently, asked him many questions about his school

activities and what he had seen or done during the week.

At times Philippe was not interested in the conversation

between his paren ts (mostly during breakfast), but he

intervened in the discussion whenever he wished.
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Phlllppe of~en sa14 de'bors lns~ea4 of dehors. ae aleo had

41fflcul~y In pzonounclng corre~ly cachet and cager, bu~

wha~ he sald was sufflclent.ly clear ~o make hls ..anlng

understood.

The symbol &Sr& has been used t.o 1n41cate

unlnt.e111g1bUl~y of what. was sa14 by t.he chil4 or by the

adul~s present.. Thls symbol may st.andfor a slngle word or

for an en~lre u~terance. Pauses In ~he conYersat.lon haye

been lndlca~ed by a new llne, but. In t.his as ln ot.her

cases, ~he crlt.erlon for maklng t.he ju4tjment. was always

somewhat. subjeet.lye.

Because t.he transcrlpt.lon was made on a standard

Model-33 telet.ype wlt.h ASCII charact.ers, It. was necessary

~o lnt.roduce cert.aln charac~er conyent.lons for the

t.ranscrlp~lon of Prench. The acute, qraye, clrCUll\flexand­

41ph~honq ac:eents were all replaced by an apostrophe. The

apostrophe was replaced by t.he slash (/) and the Cedllla by

an asterlsk. In t.he body of the present. paper, however, a

no~at.lon closer t.o t.he st.andard Prench accents ls employed,

but. t.he aboVe conyent.lons were used ln seyeral of t.he

. t.ables ~aken dlrectly from t.he comput.er printout..

The codlnq of aecen~s created Cert.aln mlnor

unanticlpat.ed pzobl..s. Por exUlple, slnce t.he apost.rophe

. was replaced by. a slash, some wor4s whlch were wrltt.en wlt.h

an apcillt.rophe, for ex_ple, au touU·.1lIl! and guelqu'»n,



12

appear in the vocabulary as two words. . Thus, hulhas been

coded as· an unclassU lable mlac:ellaneous\IOrd 1n the

vocabulary. In the case of !Nelgu·J.!Il' gU'lcIU has been

coded wlth lts proper code and J:!!l as an artlcle. Because

the frequency of these eXMlples ls low. we dld not redo the

final analysis to take account of them.

In the flnal perusal of the dlctlonary,we noticed

thet three words were mlsspellecSl charrlot, hibous. and

!!.D' phant. The word .£! Should be S. Moreover, the word

2!l, whlch appears at the end of the vocabulary, is due to

confusion between the numeral and the letter. Extensive

cOlllputer reruns would have been required to correct these

minor points, but these were not made. because no

81qn1flcant error is introdUCed by thelr retentlon.

As an additional r ..ark. some words used in the

corpu8 by the mother and father are provlncial expressions

and not standard French. They have been coded as standard

words and wl11 not appear as unusual words in SUbsequent

analyses of the adult speech. This does not generate a

problem for the tables of the present report bseause the

vocabulary in thls study ls restrlcted entirely to

Philippe's speech and the expreSlll10ns of the adults are not

pertlnent.

For further lnformatlon. the distrlbution of the

length of utterances i8 discussed in Appendix A, and the
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d1.tr1but1cn of the l.nqth of the noun-phra.e. 1. d18CU...d

1n Append1x 8. The vocabulary of Phillppe'. utt.rance. 1n

the 33 ••••lon. 1. lUted 1n Append1x C.
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II I • DICTIONARY I

The first step in writing a grammar and semantics

of Philippe's utteranees was to establish the grammatical

categories for classification of terminal worda.

Basically, we followed classical morphological analysis and

used the following eight classes of words: articles,

nouns, pronouns, adjectives, verbs,adverbs, prepositions
./

and ClOnjunetions. subclassifications within these broad

classes .are described below. Two additional classes were

a180 used:. onCllllatopoeias and interjections (KO), and

uneodable expressions (MS), that is, worda that were either

not understandable or sounds that could not be identified

as clearly representing a word. Some words that are

acceptable in French were ClOded as MS since, in the context

of their utterance, they Were not words, but rather only

sounds that Philippe repeated without understanding. ,The

indistinguishable utterances classified as MS were not

included in the analysis of the noun phrases. Examples

include cor and sonne. In Tables 2 and 3 we show the

mispronouneed and fragmented words, and occurrences of

nonstandard usages in Philippe" s speech.

Appendix C gives a complete reference to the

vocabulary of Philippe, and includes both rank and

alphabetical orderings of the vocabulary. AppendiX D gives

the complete listing of the Coding in Dictionary I.



15

TABLE 2

Mlapronounced an~ p~agmented Wo~ds

corpus

bagultte
banguette
b87u1tte
be toleu
be'toleuse
blanquette
bouette
bouase
cace
ch1gne
codl1e
dnbon
e'd1eamenta
e'g11que
eatatues
fabou11les
featat10n
kola
lIIagn.·ophone
mama
lIIamaman
maaou
IIIlgre
modeur
plaa
posltolre
r.tourer
aamedi.·
tofte
v.rture

. xagone .

Interpretatlon

• -.be' ~onneuse

banquette
brouette
boule
cache
cygne
crocodile
dr~on
m.·dicament
e'ql1.8
statues
farfou11l.s
manlfestatlon
koala
magne'tophon.
mamsn

mal's
.'mlgre
IDOteur
pas
auppos1tolre
r.tourner
a....dl
e'toffe
ClOuverture
hexagon.

Code

NC2.0
NC2.0
NC2.0
NC2.0
NC2.0
N(:2.0
NC2.0
NC2.0
VT1
NC1.0
NC1,O
NC1.0
NC1.0
NC2.0
NC2.0
VI1
NC2,O
NC1.0
NC1,O
NP2
NP2
~C1.0
VI1
NC1.0
IlV6
NC1.0
VIlO
NC1.0
NC2.0
NC2.0
NC1.0

• ••• l2! t09n,u.. does not appear in I.e Petit Robert,
but the parents used that word lnstead of a·mnle·re.
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TABLE 3

OCcurrences ot Nonstandard Uaage

Words Code S.s81on Typical context

loine DV2.LCO 26
monsl.ur. NC1.2 12
morde 11.02.0.2 33
mordes 11.02.0.2 28
nallumette. NC2.0 14

NC1.2 20
NC1.1 19
AOO.O.1.PI8.AI
NC1.0 9
PE19.DV2.E 27
NCO.O 21

all.s
aye

ayent *
batter
ch.vals
chevau
condulteur

e"clant*
,"crise

nanimals
narbre
nautres
navlon
nen
nenfant

*noiseau
nours
o.l1s
prendait
prende

rat.
a."que"
se"qu."s
saye .
soy.nt
tall.;
tuser
zail.s
zarrivent
ze"coutent
zencore
zolseau

VI1S.VA1S
VT15.VA15

VT1S.VA15
VTO
NC1.2
NC1.1
NC1.0

NC1.0.VT1
VT5

NC1.0
NC1.0
NC1.2
VN6
VNS

VT1
11.01.0.2
1\.01.0.2
VT15.VA15
VT15.VA15
VIO,VAO
VTO
NC2.0
VI1
VT1
DVO
NC1.0

17
30

27

10
6

17

2
30

3
1

17
26
26

28
19
19
31
16
31

12
13
29
24
36

3

je suis pas content que tu tlen alles
il taut••• un aoleil chez mol pour

qui aye plus de vent
pour qu/Us ayent chaud
(it is sald for battr,)
••• ,t les deux chev,&1s
une chevau ell' court
11 a oublie" le f,u rouge le

conduiteur
(it is said for al.ant)
11 faut que j. t/e"cr1se quelque

chos,
dans une _ison tre"s 101ne
c/est pas bien de tuer l,s monsleurs
jlal jete" l/allumette quie"tait morde
l.s feuilles mordes
j/a1 fait un. grande maison avec

des nallumettes
des nanimals
il est noir ce narbr,
3 des nautr.s rails
voila" 1. petit navion
c/est les enfants qui nen mansent
cleat pas des petit.s te"tes de

nenfant
(it 1s sald for oiseau)
tOl\lbe" le nour.
c/est c*a l.s oel1S1
elle pr~ldait tout.s 1•• soua
11 e"tait pas content qu/on lui

prande toutes ses aous
on rate l.s feuill•• morde.
tu veux un petit raisin se"que"?
tu veux des raisins s."que"s?
pour que la maison BOye bien grande
• •• pour .lles so¥ent plus belles
••• j, sui. tall. a" l/."cole
(It is said for us.r)
il a pas de z&iles
les VOila" qui zarrivent•••
••• et qui ze"coutent pas
y an a zencore?
un Eoiseau sur le tonneau
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VT5,VA5
HC1.!)

17

26 •••c/est. .1e. chats qu,1.zont
12 c/••t un earre' de Itoutils

• Words .ssoelated with either an action•
• n object. Interpretation is based on
t.he not.. of the observer.

---......_----,--------------------
in the COnetructiCln of

diet.ionari.. for psycholinquist.ie corpora is that a given

word lI.y funet.ion in different. ways dependi1\9 upon its

context. Thus, avoir lIIay function as a transitive verb, as

In fi! ~·l·,!.rgeQt<, or as an auxiliary••s 1ft ~ 1t.U

ilion kavail. word.s of thh kind have been a.signed to two

Or 1Il0r. ea t89ories. and are siqnaled by commas in t.he

Codinq. Tranlllitive verbs are sylllbolized VT. and auxiliary

when

this occurs. we shall say that II word has been mqltiplv

Ela"!fi!4.
w. have not included. either all or only tho.e

multiple cl•••ifieations that are in all likelihood present.

in Philipp.·s speeeh. We have tended to be IOllIIiIwhat

conservative. When it ie highly unlikely that ~hilipp.

wOUld have und a certain word 1n mora tban one cent.xt....

did not. multiply cias.Hy that word. An eXUlple. tn. word

!!IU has '0..... coded alii iii verb but not a noun. since it is

our beUef that the lattet Illsaqe (., illICIlIetMnq nlated wi toh
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food") was unlikely to occur.

The subclassifications of the main classes were

modified from classical Prench grammar as represented, for

example, in Gre'visse (1969), although we did deviate from

Gre'visse in a number of respects. In the first place, his

and other classical grammars involve written language

rather than spoken language. Especially in the Case of

verbs, the inflectional patterns have been extensively

simplified to correspond to spoken rather than written

inflections. After our analysis had been completed, we

became aware of the work by Martinet (1958) and found that

our analysis agrees to a large extent with his. Also, we

have drawn upon the work of Dubois (1965) and

DuboiB-Charlier (1910), in particular Dubois' encoding of

the definite and indefinite articles and the partitive

constructions.

Because of the differences between written and

spoken Prench, and because Gre'visse does not provide a

completely systematic Classification, it was necessary to

introduce a number of distinctions not found in his

analysis. Thus,a systematic coding was initiated which

distinguishes whether the gender or n\llllber of an adjective

or noun is undetermined, or whether the gender or number

.(singular or plural) is IIIlIscul1ne or feminine. This is not

to imply that Gre'vis.. ignored the· fact that adjectives
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may have the .ame torm regareilesll ot whether they are

masculine or t8ll1n1ne. but only that we telt it nece.sary

to introduce c;!lear Coding convention. to <leacr1bs the..

ea....

The coding introduced tor each of tbe cl.....

<lescr1bec1 abOVe 18 exhibited in Tables 4 and 5. We turn

now to detailed r8llarlcs aboUt the nature ot thi.

ela••1t1cat1on end the rea.ona for it. To a large extent

we have retained the atanc1ar<l French grammatical

terminology in order to tac1l1tate eompar1son with various

publ1.hed grammar. ot French.

TABLE 4

Coding ot Gr__tical Cateqor1e.. Dictionary I

ARTICLE
IndeUn1

IN 1 JJ!1
IN 2 .Y!lI

Detini
DN 1 .a. l'
DN 2 11. J:
DR 3 l.I!

PRONOM
Personnel

PE 1 iI. J'
PI 2 !!!!!. m'
PE 3 1lI01
PE" DmI!
PE 5 U. $'
PE 6 JiI. $'
PE 7 .1i21.
Pl8au,
PE 9 • .!!I
PI 10.!UJ2. elle.

PE 11 l.!a!
PI 12 .t!l!.
PI 13 ... s'.=0' _

PI: 14 .G!

:: ~~ i:: i:
PI 17 lsi

PI: 18 !J!!&
PI: 19 S
PI: 20 X
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D.monauatif
PD 1 eem
PD 2 ce • e.~l.,

PD 3 9H
PD 4 :t:t-n
PD 5 -Ii:
PD 6 !i!lh-S!.

ceilia-~
PD 7 eehe-.u.:.

e.g....!.L.
Int.rroqatit ou relatif

PR 1 Sl!:!!
PR 2 SIla
PR 3 ~

::: PflCIuel
PR 6 1!l!J11.11.
PR 7 augu.&. aUMuel'

aulCgU'Ues

PRONOM (suit.)

Indef1ni
PI 1 sm
PI 2 gU'lgu'Ja!l
PI 3 que guea-gna
PI 4 suelaue...une.

Poaseaaif
PO 1 (lB. les) !!Un(.!)
PO 2 (!.t. m) S!!n(s)
PO 3 (!i. ) si,n (i)
PO 4 (11. ea) no tre(.!)

:g ~ a:: i"~ mr::~:tj~
PO 7 (ll. Ii:) Ueone(.!)
PO 8 (b. at) i1AAQJ(.!)
PO 9 <Ii.!.U) .!.t!!r(.!)

ADJECTIFS

Qua11fieatift AQ

Numeral eardinalt AC

Numeral ordinalt AN

PD 9

PD 11
PD 12
PD 13
PD 14

PR S dl1gu.1
PR 9 l·mela•

l ..gue11.s
PR 10 d"auels.

. ·deaauelles
PR 11 sm.:.
PR 12 92!lS (relaUt)

PI 5 penoone
PI 6 U!!!
PI 7 ebaeun
PI S autre. ete,
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Demons~ra~1fl AD
AD 1 S!
AD 2 sn
AD 3 9t~t;e

AD 4 SO
In~srroqat1ft AT

AT 1 ~(s)
AT 2 aU.lU(.!)

ADJEC'l'I rs (8U1te)

posssss1fl
AO 1 !!!9!1
AO 2 S
AO 3 .!m
AO 4 !!!I
AO 5 .u
AO 6 .u
AO 7 !!!U

Indsf1n1
AI au~re. etc.

NOM COMMON t Me

NOM PROPREa NP

ADVERBESI DV

DV 0 1nds'term1ne"
DV 1 t_ps
DV 2 l1eu
DV 3 quan~1~e'
DV 4 manis"rs
DV 5 aff1rma~1on

DV 6 n."qa~1on
DV 7 1n~erroqa~ion

PRBPOSITIONSI BP

EP 0 1nde~erm1n.

EP 1 ~.~:
EP 2 ~. ~ "
BP 3 au. ~

21

AO 8 t ••
AO 9 .!!U
AO 10 no..
AO 11 .!9!
AO 12 notre
AO 13 r~ii(
AO 14 lUI .!)
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BP 4 .L.
EP 5 . .!lI. ~
EP 6 ~. ~ (avee verbe)
EP 7 JL (avec verbe) .

CONJONCTIONS DE SUBORDINATION a CS

CONJONCTIONS DE COORDINATIONl CC

INTERJBCTIONS ET ONOl4ATOPBBSl KO

~UTIONl

LC 0
LC 1
LC 2
LC3

I.e

ind.'termine'
locution adverbiale
locution pre' positive
locution interroqative

SANS SIGNIFICATION a MS

fABLE 5
Verb COding Scheme

Basic Tense/Mood COding Person/Number

Infinit.ive
and similar phonetic forms 0

Present indicative 1.2 basic singular forms
3 1st person plural
4 2nd person plural
5 3rd person plural

Imperfect 6
7
8

persons sinq, and 3rd plural
1st person plural
2nd person plural
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Future 9 lilt pe.rfllOn slngular
10 2nd and 3rci penons slng.
11 1st and 3rd persons plural

Present participle 12

Conciitiona! 13 lilt. person plural
14 2nd person plural

Subjunct.1ve 15 t.hreeperlIOns aing.
16 1st person plural
17 2nd person plural

Silllple past 18 three persons sil\CJUlar
19 :3r:d perllOn plural

Past. participle 20

Imperative 21 (when followed by a
pronoun)

TABLE i
EX81IIple. of COdlng for Verbs

InUnitlt o arrlve.r pouvolr
----------------------------- ----
lQ4ieatif 1 arrlve fin!. peux vals

2 vu·
:3 arrlvone finta.on. pouvon. allen.

" fints.e. pow_
S UnU.ent pel1vent vont--------------------------------

imparfait
del"indic.

i arrival.
7 ardvions
8 arrivie.

tinls.ala poUYalS
finis.iona pouvlon.
finlss1ez pouvlez

allalll etab
a1110n. etlons
8111_ eUez_______ . I • _

futur de
l"indlc.

9 . arrlve.ral f1nlra1
10 arrivet.s f1nlr••
11 arrlverons flnirez

pourrai
pourras
pourrez

irai
1ra.
ir_

.era

.er••
aere.

-------------~----.--------_.---------------------------------------partlC1pe 12 arrlvant flnl.sant. powant.
present

allant .tent

-- ---------------------------------------



conc'.lltlon- 13
nel present 14
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arrlverions finirions
arriveriez tinlriez

pourrions
pourriez

irions
irlez

serions
seriez

----------------------------------------------------------~-------subjonctU 15
present 16

17

al11e sois
soyons
soyez

---------------.-----------------------------------.------
passe simple 18
de 1·1ndic. 19 arrlverent finirent purent

tUB
allerent furent

---------------------------------------------------------
parUcipe
passe

20 pu ete

------------------------------------------------------------~-----imperatif 21 finis-Ie
-----------~------------------------------------------------------

Articl.,. Under this general category we have

assigned the indefinite articles (Ye.~) the category IN.

and the definite articles b.!.!.!.:. ~ thecateqory DN.

Even thoUCJh .Y!l and ~ can be considered as cardinal

adjectives. in the present corpus it seemed appropriate to

classify them unambiguously as articles.

The words .aY.!!!!. des.g,: have been coded as

prepositions in the classification EP. which also includes

!II and~. This follows a suggestion made in Dubois

(1965. p. 152).

Nouns. Two main subcategories of nouns have been

distinguished as in q:aditional grammars. namely. collllllon

and proper nouns. As already indicated. common nouns have

been grammatically coded in such a way as to take into

consideration the gender and the number. For example.

boute111e and bout.illes have the same spoken form and both
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have been coded NC2.0, with the fiut dIgit indicating the

gender (1n this case feminine) and the .econd di91t

indicating the DUlIII'ber, (in thilll case undete:r:m1ned). In

contrast, CheVal was coded NC1.1 and chevaux walll codec1

NC1.2. Homonycalll were coded 0 for both'the DUlllber and the

genderr for. ex8lllple. 11 !!!CUle and J.! IilCNU were both coded

NCO.O.

In ad4ltion. nouns followed by a hyphen and .lA'.

whlch in4lcates that the nOUD had the OClI1Iposed form of t.he

deaonstratlve adjecUve &Ill 4.t8rlll1nant. were coded with the

sycabol I in4icllting that two words were conjoined. For

example. the word "!'NAllru' WI\\8 eocled NC2.0lAD. ThWI

RC2.0 1111 the appropriate coding for aiwin. and AD the

approprlate coding for 15·.

Proper noun. have been coded to reflect gender

only, for ex8lllple. Jeanlne walll coded NP2 !.!21 HP1, and

prooOWl" Flve lBU'bcateqorie. have been

dll11tinguisheda persemal (PB). d8lllonstrative (PD).

interroqatlve and relaUve (PR). lndefinite (PI). and

pM.eselve (po). Personal (PB) and dUlOnstrative prOQOW\.

(PD) have been glven spe~lf1c nWllbers, lUI shown in 'fable 4.

Interrogative and relai:1ve pronoun. have been coded

together becauile they ue not dlstinguishable. An

exceptlClQ 1111 .~. whlch 111 alwaylll a' relatlve. Soa.
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indefinite pronouns (PI). which could be identified llil such

unequivocally. haYe been assigned a specific number from 1

to 1. The other forms which could also be classified as

. indefinite adjectives have been coded PIS. Because the

possessive pronouns are formed with the definite article

and the accentuated (tonigue) form of the possessive

adjectives. they do not appear as separate entries in the

vocabulary. On the other hand, since the accentuated forms

are rarely used as possessive adjectives. they have been

categorized as possessive pronouns 1n Table 4.

Ad1ectives. Six main subeateqories of adjectives

have been distinguished: qualitative (AQ). numerical (Ae

forcardinal and AN for ordinal). demonstrative (AD).

interrogative (AT). possessive (AO). and indef1nite

adjectives (AI). Relative adjectives haYe not been coded.

since their usaqe is extremely rare even 1n written

languaqe.

Qualitative adjectives have been codedaceordinq to

the qender. the number and the position (1 for

anteposition. 2 for postposition, and 0 for undetermined).

For example. verte has been coded AQ2.0.2. with the first

diqit indicatinq the qender, the second the number and the

third the position. In the case of qender and number. the

same three-foldclassificat1on was used as described above.

namely, 0 for indeterlllinate. 1 for masculine, and 2 for
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f_inine. with corresponding conventions for numbers.

Cardinal adjectives (such as~) have been Coded

AC. As preViously mentioned. the indefinite articles !!!!

and une could be classified as cardinal adjectives. but we

classified them IN instead. Ordinal adjectives have been

coded according to the gender and number; for instance.

second has been coded AN1.0. Demonstrative. interrogative.

and possessive adjectives have been coded with specific

numbers. as shown in Table 1.

Verbs. Although the most elaborate set of

distinctions is required for verbs. we especially wanted to

reduce ths large number of written forms to the much

smaller number of spoken forms. A first di.tinction 1s

among trensitive (VT). intransitive (111). auxiliary· and

semiauxiUary (VA). impersonal (VM) and pronClllinal (VR)

verbs. The pronOlllinal verbs include reflexive verbs and

what Gre"visse calls yerbes pronominaux !Ub1ectif. An

example of a refleXive verb 1s a reglrder; subjective

examples are .!!I souYenir and .u douter. In these latter

eas.s the pronoun has no re.l s_antic role. A six~h entry

. (VN) was us'4 for verbs which are either transitive or

intransitive. Auxiliary and semiauxiliary verbs. which can

b, also transitive or intransitive. were not coded VT but

rather were coded as VI.VA or VT.VA. FOr example. ~ as in

JOG was coded VT1.VA1 and SI as in SY Slwas coded
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When the 1lllperatlve (second perl10n

plural), the past participle or the second peraon plural ot

the present lndicative differ phonetically ~ from. the

inflnltive, they were also coded O. for example Hre'W,

arr"t'z, and Hre'te' are all coded VN01. Concernlnq the

rest of the present lndicatlve, the three slnqular forms .s

wellaa the third person plural were coded 1 when they do

not differ phonetically from each other. For example .(.1!)

mange,(s) manges; (11.) mangent WIre all coded VT1. When

the second person and the third person sinqular differ from

the first person slnqular, they were coded :2. For example

(£) .!! was coded VT1, VA1; (.5.\a) .!! and (.!1) .! were coded

VT2,VA2. The first person plural (endlnq 2n!) was coded 3,

as ln (Jl2!,!!) voyons, VN3. The second person plural (endinq

1 The eX8lllples qiven for thecodlnq of verbs are
not necessarily extracted from the corpus, since several
forms were not used by Philippe.
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g) was coded 4 when it difters phonetically ftom the

infinitive; tor example (~) Uni,sez was coded VN4;

(~) chantt' was coded VNO. When the thlrdpersonplural

differs phonetically from the three slnqularforms lt was

Cocled S; for .x_ple (.ll!l chMttnt was codedVN1, (gs)

.ervent was coded VTStand (i!!) von!; was coded VIS ..

Concerninq the imPerfect ( imparfai t .4!

r iNUcatly.) , the three sln9\llar forms and the third

person plural do not differphonetlcally from each other.

They were all cocled 6; for ex_ple, (,il) fermala, (!ill)

croyal" (ll) t,ntU and (Us) DIODtalent were coded VN6.

The first and s.cond persons plural ( endlng With !2D.!and

iez, respectively) were coded 1 and 8, when they dlffer

phonetically from the flrst and second person .plural of the

present indicative or fram the infinitlve. For .xample,

(D9Y.!) r1199s was coded VI3; (ngg) trouvj,9nawas coded

VT7; (J!23l! ~) me·fU.ez was c:oded VIO; and (EYI)

Itrlvle! was coded VIS.

For the future lndlcatlv., the flrst person

sinqular (endinq ai) and the second person plural (endlnq

~) were coded 9; for example, U') attrtperU and (.Y2!l!)

a;rUU'tI were cocled VT9 and VI9 respectlvely. The second

and the third person slnqular (endinqs .[!.! and n) were

coded 10; (.1i11)partlr" was Coded VI10, (ll) 89rttn VN10.

Th.f1rat and third person plural (endinqs~ and font)
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example. (J!) mange.! was coded '1T6. 'Verb. for whleh the

three singular forms of the sl_ple past are not dlfferent

frOlll the first person pr••ent indicative have been COded 1 J

for example. (~) lin18 has been Coded VN1. Flnally. the

third person plural of the si.ple past has been co4ed 19 J

for example. (1l.I) dormirent has been coded V119. and (~)

ftc:!unnt has been coded VT19.

We turn now to the present subjunctive (tu1;l109ctU

pre' sent) • POI' lIany verbs. the three slngular foms of the

present subjunctive 40 not dlffer phonetically frOlll some

persons of the present indicatlve. When the three s1ngular

foms and the third person plural of the SUbjunctive are

si.l1ar (phonetically) to the first person singular of the

present indicative. they were coded 1. When they are

s1l'll11ar to the third persOR plural of the present

indicative, they were coded 5. For eXllIIIple. (sma J.!)

chante was coded VN1. and (au'n) finiss. was coded VN5.

Verbs with a specifiC fom for the first. aeeond and th1rd

perlIOns singular were Coded 15; for example. (SIll!! J.:)
a&11,. (ggg~) aille8, (9U'&1) al1le were all coded VI'S.

The fust and second person plural of the present

tubjunctlve are 1ft many ca... .lmilar to the flrst and

seCQl\d perSOD plural of the 1I8perfect lndicatlve.

Consequently, they were coded 7 and 8. respectiVely. POI'

example, (SJaI wma) u·u18h.iooe waecoded VN'. and (,gu
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vous) [lIIl8s8iez was coded V'l'8. However, when the first .and

second persons plural differ from the imperfect, they were

coded 16 and 17; for example, (SU!.! nsmJ)aV9Ps was coded

VT16,VA16 and (sma.:l!2.J,l!) ayez was coded VT17,VA17.

Concerning the past participle, when it is not

different from the infinitive, it was COded O. For

example,ftrme' was coded VNO. When- the past partleipl.e 1e

not dlthrent phonetically from the first person of 'the

present indica.tive. it was coded 1. For example. tini was

Coded VN1, dit was coded VT1. When the past partiCiple 16

different from both infinitive and present incUcative, it

was coded 20. even when it does not differ phonetically

from the simple past. In this one instance we dId not

follow the basic rule of always coding With the smallest

number since the simple past is less frequently used by

Philippe than the past pa.rticiple. Consequently. ~ and

parUs, which do not differ' from (J,t) ncus and (~)

putis, J;.specUvely, were coded VT20 and '11120.

Finally, we turn to the imperative. The imperative

does not have endings diffeJ;1ng fJ;om the Indica~lv~

pJ;e.ent; consequently, it could not be separately

cliltegorized when there was no reference to the context. On

the other hand, in written language III hyphen 1s used to

,link the verb to the personal pronoun; this same practice

was followed in transcribing the corpus, which means that
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in the tranllCribe4 corpus, the illperative-perllQnal pronoun

Can be i4entif1ed as a unit. In the•• ca... thf hlper.tive

form was coded 21, followed by t.he appropritlt8 c¢e fOr the

personal pronoun I for ~lllIIpl., ~ waa coded

VN211IPB3. Only the aeeond person singular of t.l18

imperative, followed by a pronoun, occurred in PlliUppe' u

sp-.ch, eo the firat and se~d person plural Of t.l18

1DIperative vere not. coded.

one or two 'leneral aupect.lJ of the codin'l of verbs

lI.4ted t.o. be .,PllalJ1zed. In the fir.t place, we Mve coded

with the lllIIaUeat. numberpCl8sible for a glven form. Thu••

the . paut part1ciple.m.· or the hlperaUve -'UI, hes been

codllDd 0, not a h1;her nwaber. In other worda, the rule

followed wau to code With the lowest nUlllber conaiutent With

the phonetic form, exc:ept when the past participle hac! the

.... form as the .hlple past. It 1. also hlportent to

emphaslze that the individual vocabulary wor4. were coded

indepcdently of their context lind, conu4lquently, C01lIpoBed

form., e.;., J'asli rEu, were not CQ4e4 alii a s1n'l1. verb

fo;m but rather the 1ndlvidual toIQrds ayEai end reu were

coded .eparately.

I'1nally, ten... that are extrae1y infr4lquent in

.poken speech have not Men eode4, BUch ae the hlperfect

aub junctive(J.!!par;'&$ a W 'onqt&,).
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IV. NOUN-PHRASE GRAMMAR I

our study of the no~ phra.e. of Ph1l~ppe's .peech

1. ba.ed on a .electlon of noun phra.e. made from tne

.entence•. ln 9 of the 33 ••••10ns of the cOlllplete corpus.

Fpr thl. selectlon,w. u.ed Sesslons 1, 2, 3, 14, 15, 16,

31, 32 and 33, whlch cover the ~lrming, the middle and

the .nd .of th. corpu.. In other words, each of thes•••ta

of three ••••10n. forms a stp£lon of the corpu.. Thl!j1

choice wa. motivated primarily by a de.lre to lOok for the

change. ln .tructureover the maXimum perlod of time.

The noun phrase. were .elected by hand from the

.entence. ln the .e.slon. u.lng lnteractlve computer

program.. The selection of the noun phrases wascQlllpletely

.. the jUdCJlll8nt of M. Ls'vellle', who 1. a natlve French

speaker. and was not the product of any formal analysls.

Neverthele.. certain gUldeltne. were followed and they are

Usted belOlf.

1. Noun phr.... ln questions of the forms est.-~

_1 and m-g sm'll? were not lnclUded, although other

klnd. of int.rrogatlvee were .canned for noun phrases.

2. Personal pronoun. combined With verbs to form

prCnQllllnal verb. were not included. An example of th1s

const.ruction 18 it !I'.!!! val'l where t.he personal pronoun !I'

was not~cluded·.

3. Case. Of uslng the preposlt1on .I'. where ~
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should normally· have been used (••q., as in J.I veux 11

IllOntre .!,. emtn), as well as phrases such as smale .!'

!JIi, were lncluded.

4. When the preposltlon.n was combined wlth a-
. substantive, such as ln !! Chalse.!!!!y' tal, thswhole

expresslon an !!!!l'S!! was excluded. On the other ,hand, when

SO could be replaced by surl! or 9J!l.!.lA, as ln .!D D~!s!

or • voltwe, it was lncluded.

5. Th. prepoB1tion .2Q!!I was analyzed in such

sentenetts as 3m basa1nngg[les bateaux.

6. Wh.n adverb. such as beaucoup or a..e! moclif led

a aubstllntlve, as in bMycoup ~ cbocol,t, ....,.gs sou,,

they. wer. included in the noun phru.s.

7. When the word 11' followed a substantive, such

as . in ,ppule.!!lI.!§ bout09 !I', the word was considered a

part of the noun phrase.

8. When a word could serve as either a noun or

another .worcS, such a. .5!'1!' phone, the word was not

included as a noun phrase if the context of usage was

vague.·

• W. expect the cla.s of noun phrases to chanqe

somewhat in a compl.te qrllllllllar, and the rules of the .two

grllllllllar. discussed below to change in a full grammar. For

.x_pl., on. l119tivation for change wll" be the att_pt to
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study differences between noun phrases that occur llli

subjects in some sentences and as direct objects in others.

As for the methodological justification for selecting the

noun phrases by hand, we should mention that this was only

a first step in obtaining a complete grammar. The fact

that noun phrases dominated Philippe's speeeh, as t~ey

dominate other psycholtnguistic corpora, indieatesthatehs

noun phrase is a place to beqln.

It lIIl!I.y be useful to expand on these lIIethodologlcal

remarks about our method of selecting the noun phrases by

indiVidual inspection of the utterances. In principle,one

would like to put the entire grai'lllllar and semantics together

into one systematiC whole. We think this 1s a worthy

objective and hope to pursue U furth$r 11'1 subsequent

publications. On the other hand, given the maliSliv0

character Of a corpus of the liIize of this one, we consider

it important to beqin the analysis in pieeemeal stages. and

to do this we must make some intuitive decisions Without

systellll!l.tic guidance from an overall model of ill complete

grammar or even less a COIIIplete semantics. We are certain

that there could be marginal disagreements about our

selection of noun phrases but we doubt that it would affeCt

the lIIl!I.in results of our analysis. We 811\phasize also that

the noun phrases were selected prior to the attempt to

write l!I grllllllllar for thelll, and consequently we have in no
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sense tailored the selectlon of noun phrases to the

convenience of our two qrammars.

~s already lncUcated, there are two separate and

parallel analyses otthe noun phrases in the corpUs. In

thls section we deserlbe the flrst qrammar, the one that

uses the first dictlonary of qramma~ical cateqories. Tbis

qr....r represents an extenslve mod1~1catlon of thOse used

in Suppes (1971, 1972) and Smith (1972) for analyzinq noun

phrases in Enqlish. Gramar I is of course not a qrll!lU\lllr

of Bnql18h, but rather it was constructed from the

modifications that would be required in the qrammars for

Enqlish in order to obtaln an approprlate qrammar for

French. Grammar II, on the other band, _s wrltten by a

more direct conslderatlon of French gramars. Detailed

remarkS about the qoodness of fit are reserved for later

discusslon, attar both grammars bave been descrlbed and the

results of theanalysls presented.

Nonttrmlna!. vocabulary 2fGx;ammal' 1. In addition

to the categories inuoduced ln Dlctionary I, the followinq

additlonal nontermlnal symbols were used ln Grammar I •

.These additlonal symboh cannot be rewrltten by leXical

rules, but occur ln derlvation trees always at least two

nodes from a terminal node. As the label of the root Of

. all the noun-phra.. trees, we adopted SN for the Frencb

!M!ta9!M nominal. Two. additional noun-phrase notations for
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which we used a natural English·notation, namely, Np. and

NP' , were also introduced. Note that according to

Dictionary I, NP without an additional suffix was the

category of proper names.

In the production rules of the grammar as shown in

Table 7, we omitted all the numerical suffixes showing

number, case, gender, etc. Thes.suffixes/were !ncluded in

the dictionaries, but Were ignored ~ the grammar discussed

here. In a more refined analysis it would be necessary to

add these subscripts. However, it is obVious that the

ref1n~t required to do this would multiply the number of

rules. While a relatively abstract level of analysis has

been chosen, we feel the level seleeted ex_plifies the

structural features of Philippe's speech at about the right

level of conceptual detail, insofar as noun phrase. are

concerned.

TABLE 7

Production Rule. of Grammar I

(1,1)
(1,2)
(1,3)
( 1,4)
(1, S)
(1,6)
(1,7)
(1,8)
(1,9)

8M -> Hp. CC Hp·
8N -> NP* EP Np·
8M -> Np·
8N -> EP NP*
SN -) CC Np.
8N -> KO Np·
SN -) Np· KO
SN -> LCNp.
8N -> NP. LC



(2.1 )
(2.2)
(2.3)
(2.4)
(2.5) .
(2,6)
(2,7)

(3,1 )
(3.2)
( 3,3)
(3.4)
(3.5)
(3,6)
(3,7)
( 3.8)
(3,9)
(3,10)
(3,11)
(3,12)
(3,13)
(3,14)
(3,15)
(3,16)

(4,1)
(4.2)

(5,1 )
(5,2)

(6,1)
(6,2)
(6,3)
(6.4)
(6,5)
(6,6)

(7,1)
(7,2)
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HI'" -> PB
HI'" -> I'D
NP" -> PR
NP" -> PI
HI'" -> HI'
NP" -> NC
HI'" -> PO

NP- -> DB'l' HUMADJP NP" POSTADJP
NP- -> NUM AJ)JP NP" POSTADJP
HI'- -> DB'l' AJ)JP HI'" POSTADJP
NP- -> ADJp NP" POSTADJP
NP- -> DB'l'HUM HI'" POSTADJp
NP* -> NUM NP" POSTADJP
NP- -> DB'l' N.. " POSTADJP
HI'- -> HI'" POSTADJP
NP- ->0B'l' HUM ADJP NP"
Np- -> HUM ADJP HI'"
NP--> DB'l' ADJP NP"
HI'- -> AJ)JP HI'"

. NP* ->DET HUM NP"
Hptt -> NUM NP"
NP* -> DBTHp"
HP* -> Np"

ADJP -> AQ
ADJP -> ADJPAQ

pOSTADJP -> AQ
pOSTAnJP -> pOSTADJP AQ

DET -> AD
DB'l' -> AT
DET -> AO
DET -> DN
DET -> IN
DET -> AI

HUM -> AC
HUM -> AN

The notations ADJP and POS'l'ADJ were 1nuoduced for

. adjec~ival phrase. in pre-position and for adjectival

phru.. followinq the noun. The nonterminal symbol DET is
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the general nonterminal symbol used' for determiners. Rules

(5,1) to (5,6) are rewrit.e rules for thisnonterminlll

symbol. The nonterminal symbol NUM designates numerical or

cardinal number words (Rules (6,1) and (6,2».

We have already IlIentioned that we introduced two

noun-phrase symbols in addltionto SN, neely, NP' and NP*.

The function of Np· was to provide a rewrite rule for

one-word noun phrases (Rules (2,1) to (2,7». Rewrite

rules (3,1) to (3,16), that have NP* on the left, were used

to construct noun phrases of a more complicated character.

From a purely grammatical standpoint both nonterminel

symbols were needed in order to block improper recursions.

Further, both symbols were convenient in getting a better

fit from a probabilistic standpoint.

!h! production rules. The 44 production (or

rewrite) rules of Grammar I are shown in table 7. Perhaps

the most surPrising thing about the rules is their standard

. Charact.r~ At the level of syntax, PhiliPpe's speech is

very clos. to standard spoken French. Not one of the 44

rules would be regarded as inappropriate for adult spoken

French; but additional rules beyond those given here would

be needed in a complete grammar.

The use of the 44 production rUles to produce an

infinite variety of noun phralles istiltandard and in

accordance with classical context-free qrelllllrs. An
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Uluetration of the use of the rules to produce o"e of the

lonqer noun phrases 1n Phil1ppe"s speech 1s shown 1n the

Figure I

TREE FOR IN· AQ NC EP ON AQ NC- --
SN

--

E·P

OET AOJP NP' OET AOJP NP'

(6,5) (4,1) (2,6) (6,4) (4.1) (2,6)

IN AQ NC ON AQ NC

There are sCllle add1t10nal conceptual remarlc8 that

we want to _lee about the rulee. The first qrqup of rules

constitutes the. nine different rules that can be used to

qenerate ""S staftinq from the labelad rqot SN. The
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f~nt three rules are standard. Rule (1.4), SN ->EP NP*.

a rule wh~ch perlll~ts a noun phrase tobec;~n1l'~th a

prepo8~tion. ~s natural not ortly for Ph~l1ppe's speech. but

also for standard spoken French. The instances of the use

of th~s rule ~n accountlnq for noun phras.s~n the corpus

are the fol1ow~nqz

Frequency

244
60
11
11

6
3
3
2
2'
1
1
1
1
1

Noun phrase

EP NC
EP ON NC
EP AQ NC
EP NP
EI' NC AQ
EP AI NC
EP AT NC
EP IN NC
EP PI
EP AO NC
EP AQ AQ NC
EP AQ NC AQ
EP ON AQ NC
EP PR

~ypes _ 14 T.okens _ 347

Rule (1.5). SN-> CC NP*. ~ntroduced conjunctions

at the beq~nn~nq of noun phrases. Th~s rule. l~ke Rule

(1.4). ~s natural for adults as well as for Ph~l~ppe. The

~nstances of Rule (1.5) ~n the corpus are the follow~nCJz

Freauen<:x

11
4
1
1

CC PO
CC PE
CC ON NC
CC PE AQ

Types_ 4 ·TOkens • 17

Rules (1.6) and (1.7) ~ntroduced the qrallllllat~cal
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category ~o (interj~tlons)before anel lifter theJ!lalnnoun

phrases,r.spectlvely. Rule (1,6) was notrequlrecl for our

noun"phrase fragment. The lnstaftC88 of Rule (1,?) ~e the

followinq.

rrlClutnSY

8
4
3
1
1

!!2!mphra.,

PD KO
AD IlIC 1(0
AO NC KO
ADAQ NC KO
DN PO KO

Types • 5 TOkens .17

In a slm1lar _y, Rules. (1,8) and (1,9)introcluc:ecl

the qrumaUcal cateqory LC (locutlons) before and after

noun phrase.. Rule

noun.-phra.. fragment.

(1,8) was not required for the

The only instance of (1,9) was the

phrase PH Le, whlch occurred once in the corpus.

As already r_rked, the rules of the sscCftd group

were used to qenerate on8""'word noun phrases. These nles

were qanerated by uslnq Rule. (1,3) and (3 ,16), and then

rewrlt1nq NP' acc:ordinq to one of the sevan rule. s.n the

second CJroup.

The 16 rules of the third group contain the main

.struct.ure of the noun· phrases. They deterlline the way in

whlch determners, nUlllerlcal expression., preadjscUval

phra.e., and po.tadjectlval phrase. can be qenerated.

AlthouCJh all 16 ·rules are perhaps plausible toa native

.French ..speaker, three of the rUle•. frClll ..the .thlrd qroup
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were not required for the corpus. The unused rules from

the third group were (3.1). (3.2). and (3.5). An instance

of Rule (3.3) is2

2 DNAQNCAQ

and an instance of Rule (3.9) is

2 DN ACAQ NC

The fourth and fifth groups of rules-(4,1) .(4. 2).

(5.0. (5.2)- provided the standard recursions for pre-

and post-adjectival phrases. Except for accoUnting for

both pre- and post-positions, they were exactly the same

rules used previously in English.

The main reason for using different rules for pre­

and poet-position adjectival phrases was to t~8t th@

tendency to use a different number of adjectives in thm

pre-position from the postposition. After we examine the

fit for the grammar in more detail. we will remark on the

outcome of this test.

The sixth group of rules is for determiners and

permitted r_riting the nonterminal symbol DET lUi anyone

of six nonterminal symbols standing for a grammatical

cateqory. Note that determiners were not introduced as a

2 Here and subsequently we often show the frequency
of a given grammatical type of noun phrase in the corpus
without expressly labeling the frequency column. Thus the
frequency of DN AQ NC AQ is 2 in the noun phrases under
examination.
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••parate qrammatlcal cateqory. but w.re spread fIIllOIlq the

qrammatlcal cateqorl.s of Dlctlonary I. whlch ls a

r.latlvely cla••lcal structur.. In a ••ns., thl. was a way

of haVinq the best of both world.. w. lntroduced tbe

concept of a determiner ln the qrammar, but kept in the

dlctlonary of qrammatlcal cateqorl.s the more or l ••s

classlcal dlvlsloos.

Plnally. the s.venth qroup of rul.s conslsts of the

two slmple rul.s for rewrltlnq the nont.rmlnal symbol NUM

for numerlca.l expr.sslon•• which may be replaced with the

qrlllllllatlcal eateqorles AC and AN. Rule (7.:n. which

lntroduc.s AN. was not used ln tbe corpus.

Nonproblbl11st!c flt ~.Grammar 1. Probably the

flrst emplrlcal questlon to a.k about a qrlllllllar for a

corpus ls. what percentaqe of the tok.n. and What

p.rcentaq. of the qrammatlcal types does lt parse? Th. data

are summarlzed 1n Table 8. There w.re 5.547 nOun phra.es

in the nine hours analyZed. Grammar I parsed 5.266 of

th.s. noun phras.s, whlch r.pres.nts 94.9 percent of the

tQJtens. Th.r. were 345 typ.s of noun phra•••. ln the nine

·hour., and theqrammar parsed 223 of these. or 64.6

p.rc.nt.
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--..----------:=~'"':"'--;""---------,-TABLE 8

No~probabili.tic Fito! Grammar I Noun-phrase Corpus

Description

Total

RecoqniZed by Gr$mmar I

Percent recoqnized

Lexically ambiquous

Percent lexically ambiquous

Ambiquous recoqnized

Percent of the'ambiql1ous
ree09ilized

Ambiguity resolved

Ambiguity reduced

Types

345

223

244

7Q. "'"

168

68.9%

149

17

Tokens

5547

5266

94.9%

1830

331

1716

Original ambiguity factor • 2806

Parsed ambiguity factor • 2480

Reduced ambiguity factor. 52

Type. after consolidation • 143

The entries in -,:'able 8 are defined as follows, with

the usual distinction between types and tOkens. We first

give the total nUllber of tyPes and tokens 1n the corpus, we

.econd give the nWllber recognized, and third the percent.

reCQ9l\lzed. The fourth 11ne 1~lcate8 how many of the
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types or tokens in the corpus are leXically lIlIIbi9'l.1ous. that

is. have at least one word assigned to more than one

grammatical category. It is important to realize that

lexical ambiguity. as we have defined it. results from

using words in ways that are grammatically distinct; in

most eases. lexical lIlIIbiquity would offer no diffi~lty to

a speaker. It is. we' believe. a test of the grlll\ll\lar to ask

how well it is able to dispense with th1s superficial

lIlIIbiquity.

We then indicate how many of these leXically

ambiguous types or tokens are recognized by the grammar.

When the granunar recognizes a leXically lII'CIbiguous type. 1t

is important to realize that the type is a 'shorthand"

notation for several types.

For example:

(1) , DH.PE HC

occurs 732 times in the original corpus. The first word,

according to Dictionary I. could be either DN orPE. and

hence (1) expands to

(1") DN HC

(1-) PI!: He.

In this cas. (1") was recognized by Grammar I while (1-)

was not, hence. we say that the lexical ambiguity was

resolved. meaning that only one of 'the alternative types



49

7 ON,PE AQ,Pl,AI,

wh~eh represents the types

(2.1 ) ON AQ
(2.2) PE AQ
<2,3) ON PI
(2.4) PE PI
(2,5) ON AI
(2.6) PE AI •

In this caae, (2.2) and (2.3) were both recognized, and so

we aay that the h",ical ambiquity wu reduced (Put not

resolved). This reduction happened on 17 types (43 tokens)

tok;ens) remained that were not resolved by GIr__ar I. The

elimination of this remainin~ leKieal ambiqulty w111 ~

diacussed further after we have discussed the probabilistic

fit ot Grammar I.

The.amb1QYUv .ac~9E is, intuitively, t.he nl.11tlber of

• e"'tra' anlllyses of a noun phrase. Let S be t.lle set of

types in a corpus, fer 17, in S, t(t)

17" n(t) 1s the nvmbe£ of types

U) I f(t)-(n(t) ..1).
tinS

li!ll tMi &r'!!9uen~ of

(using simple symbol~)

We aubtract 1 in order to el1lllinate an entry for \:.hQse
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types that have a single classification. For example, the

contribution of

9 DN.PE NC, VN

to the original ambiguity factor is

9*(4-1).27 •

where 9 is the frequency, and 4 is the number of simple

types arisinq from the type in question.

The parsed ambiguity factor is defined' in a similar

fashion. except now we use s' instead of s. where s' is the

set of types in S· recognized by the qrammar.

The reduced ambj,qu! ty factor 18 givan by the

formula

I
t in S·

f(t)*(n'(t)-1) .'

where s' is the subset of S reeoqnized by the grUlllar, and

n'(t) is the number of ,simple types arising from t that are

recognized by the qrammar. Among the measures we consider,

the reduced ambiguity factor is clearly the best measure of

the lexical ambiguity permittSd bY'the grammar. As will be

seen. this number is qUite small for all of the analyses

presented in this work.

The resolution and reduction of lexical ambigUity

alters the list of types present in the corpus. For

example.
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732 DN,PE Ne

is rlilsolved to

732 DN He •

($!in~e PE He le not rec:oqnlzed by GrUllllu I) and must be

c:OIlIblned with

34 DN.PE NC,VT,

whlch is also resolved to DN NC. Thls process 18 called

conaolldati9n~ Of 223 or1g1nal types recoqnlzed by Grammar

I, 143 types remained after consolldation.

PEobab!l1.tic tit g! Grammar 1. FOllowing the

stMdllll'f\:I notion of a probabilistic grammar and the various

w~y~ of ~8ttmat1ng ~he 900dnes~ of fit ~~uP~~. ~~70. ,g71;

Smith, 1972), we used a model balll~d 00 & <gl'llomlliluic

distributlon for predicting the param~ters of the gr~ara

reported upon here.

Table 9 gives the parameters for the I!ItMdard fit

o))tatned by the maximum-l1lcel1hood _thPd. and Table 10

show. the result80f the qoodnea8-@~-f1t test for ®ac'h

noun-phrase type. Types wi th expected frequency less than

5 were qrouped toqethe:rto avoid the problem of enorlllOus

Chi-square contributions. The r~~1dual was ~ relatively

high 1112.15, which ind1cates that over 20 percent of the

noun phrases predicted by the grammar did not occur in the

corpus. There w~re 13 groups (low-expecte4 types clumped
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together), thus reducing the degrees of freedCllll to 12. The

chi-square was 5527, and the chi-square divided by the

degrees of freedom was 460.62.

TABLE 9

*Parameters for Grammar I
Philippe's Noun Phrases

Label

(1,1)
.(1,2)
(1,3)
(1,4)
(1,5)
( 1,6)
(1,7)
(1,8)
(1,9)
(2,1 )
(2,2)
(2,3)
(2,4)
(2,5)
(2,6)
(2,7)
(3,1)
(3,2)
(3,3)
( 3,4)
(3,5)
(3,6)
(3,7)
(3,8)
(3,9)
(3,10)
(3,11)
( 3,12)
( 3,1.3)
(3,14 )
(3,15)
(3,16)
(4,1)
(4,2)
(5,1)

Probe

.0074

.0243
,8938
.0659
.0032
.0000
.0051
.0000
.0002
.2716
.1596
.0449
.0337
.0731
.4143
.0028
.0000
.0000
.0007
.0002
.0000
.0002
.0064
.0092
.0004
.0006
.0271
.0127
.0006
•.0037
.2790
.6594
.9700
.0300
.9891

Rule

SN ->NP*CC NP*
SN -> NP* EP NP*
SN -> NP*
$N .,..> EP NP*
SN -> CC NP*
SN -> 1<0 NP*
SN -> NP* 1<0
SN -> LC NP*
SN -> NP* LC
NP' -> PE
NP' -> PO
NP' -> PR
NP' -> PI
NP' -> NP
NP' -> Ne
NP' -> PO
NP* -> OET NUM ADJP NP' l?OSTADJP
NP* -> NUMADJP NP' POSTADJP
NP* - > OET ADJP NP' POSTAD,n>
NP* -> ADJP NP' POSTADJP
NP* -> OET· HUM NP' ·Ii'OSTADJP
NP* -> NUMNP' POSTADJP
NP* -> OET NP' POSTADJP
NP* -> NP' POSTADJP
NP* -> DE'l' NOMANP NP'
NP* - > NOM ADJP NP'
NP* -> DET ADJP NP'
NP* -> ADJP NP'
NP* -> OET NUM NP'
NP* -> NUM NP'
NP* -> DET NP'
NP* -> NP'
ADJP -> AQ
ADJP - > ANP AQ

. POS'1'ADJP - > AQ



.0109
,,0;'$4
.0070
'.0756
.6ZZ5
.2515

".0100
1.0000

,0000

5Z

~OSTAi)yP -> PO~TADJP AQ
Dlift -> liD
DET -) AT
D!'l' - >,A()
DF;T ..) D~

D~T ..> :tN
DET -) AI
NOM -)AC
NUM -> AN

. ·Correct.ion tor conUn~1ty ...~; expecte4 < 5 .rlll
9l1'OO~ ~9'8thti'.

.,

. 'l'Al$LE 10
Noun-phr... Type. tor Gr.-mar I

O))'e.rv~ Expected Chi-.quare Count Noun phr.'. type

14ze 84Z.551 40f).1(16 1 PB
830 495.249 2Z5.591 1 PI)
793 338.487 608.91:$ 1 DN ~
324 226.775 41.256 1 NP
Z81 136.733 1!:!1.163 1 IN NC
244 94.789 233.309 1 BPNC
Z37 139.378 67.677 1 Pit
174 U85.Z48 959.940 1 NC
156 104.533 Z4.849 1 PI
107 41.116 103.978 1 AO NC

61 1Z.869 176.30Z 1 IN AQ NC
60 Z4.964 41.719 1 EP DN ~C

55 31.856 16.095 1 DN AQ HC
45 24.0Z1 17.460 1 AQ NC
37 18.167 18.500 1 Ai) ~C

18 7.178 14.842 1 AC ~C

16 7.735 7.796 1 D~ ~C AQ
•••**.*

23 1 IN NC BP Ne
Z1 1 DN NC EP ~P

13 1 DN NC BP ~C

13 1 IN NC AQ
.**GROUP 70 7.100 548.421

13 11.636 .064 1 PE Ml
12 27.530 8.206 1 tiN PI
11 5.,Ma 4.1l\i' t j\I He
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*••••••
12 1 DN PO
11 1 CC PD
11 1 BP ~Q NC

··OJlCX1P 34 5.818 131.725
11 1~.725 1.632 1 IP NP
10 11 .121 .035 1 IN PI
10 9.551 .000 1 liC IP NC*••••••
10 1 DN NC KO
9 1 PI!;.~Q CC PI AQ
8 1 A.DAQ NC
8 1 ATNC

"GROUP 35 7.477 97.~~2
8 17.750 4,821 1 NC AQ
5 9.25~ 1.524 1 ~Q PD
5 59.724 49.230 1 DN NP••••••••
8 1 NP CC NP
8 1 PD 1(0
7 1 DN HC BP DN He
6 1 EP He AQ
5 1 IN AQ NCEP NC
4 1 AD NC 1(0

··GROUP 38 5.104 205.618••*••••
4 1 AO AQ NC
4 1 AO Ne IP DN NC
4 1 CC PI

·-GROUP 12 6.994 2.903
3 7.255 1.943 1 AO NP.*•••••
4 1 DR NC~DNNC
4 1 IN NC CC IN NC
3 1 AC AQ NC
3 1 AI AQNC
3 1 AO NCiCO
3 1 AO HelP PE
3 1 DN NC IP PI
3 1 DN NC EP AD NC
3 1 DN NC.lp IN NC
3 1 EP AI HC
3 1 BP AT NC
3 1 NC BP NP

--GROUP 38 6.545 146.419•••••••
3 1 PD CCPD
2 1 AD NP
2 1 AQ ~Q HC
2 1 DN ~C AQ NC



1
/

AO NC....2 DN AO
*!tGROUP 11 5.650 4.163

2 3.6.707 31.877 1 DN PR
2 10.084 5.704 1 EP IN NC

'2 7.709 3.520 1 EP PI
.*~***

2 1 DN NC CC ON NC AQ
'2 1 IN AC NC
2. 1 NC EP DN NC
2 1 NP AO

It*GROUP 8 . 5.923 .420
**•••••.

2 1 PO EP NP
2 1 PD EP PD
1 1 1IC NC AO
'1 1 AC IlIC CC AC MC
1 1 AD AO NC'KO.l'····
1 1 AD NC 1.0'
1 1 AO PI

··GROUP 9 6.192 .861•••••••
1 1 AO PR,
1 1 AO NC EP NC
1 1 1\0 NC EP NP
1 1 AQ NCEP IN NC
1 1 AO NCCC DN NC
1 1 ATAO NC.

··GROUP 6 5.062 .038........
1 1 CC ON NC
1 1 CC PE AO"
1 1 DN AC NC
1 1 DN AO NC EP NP
1 1 ON NC EP PR
1 1 DN NC EP PO
1 ., DIll NCEPAO NC
1 1 DN MC CC AO Ne., 1 DNNCEPAO NC
1 1 DN PO KO
1 1 ON PO EP NC
1 1 DN PO EP tip
1 1 EP AO MC

·-GROUP 13 6.436 5.713., 10.279 1.498 1 $P PR..."':...
1 1 EP AO AQ NC
1 1 EPAO NC AO '.
1 1 EP DN AO NC

.1 1 IN AO NCAO
1 1 IN 1\0 AQ NC



1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

*-eAOPP a1 6.958
***-***

1
1
1
1
1
1
1
1

**G~OPP 8 4.198
1112.1497
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1 IN AQ AQ AQ NC
1 IN AQ AQ NC AQ
1 :EN AQ NC tlP I)N NC
1 IN AQNC EP DN 1.0 NC
1 IN NC EP pR
1 IN NC 21' AI) NC
1 IN NC EP IN NC
1 IN NCEP ON NC
1 IN NC Ep IN NC AQ
1 IN NO Ep IN AQ NO
1 IN NC J1:PDNAQ NO
1 Ill! NC AQ CC IN Ne AQ
1 IN PI EP NC
1 NOAQAQ
1 lolC AQ II' !ifI'
1 NC CC Ne

1 NCEPJ?R
1 NP CO lolC
1 loll' cc PI
1 NP Ep loll'
1 PE CC PE
1 PECC Dlol lolC
1 PE LC
1 PI Ep XN NC

2.597
1112.1497 ~.8ldual

5264 52&4 5527.4833

Deqree8 of freedQIII = 12

Cl\1-square/4eqne8 of fn.4cm. 460.6236

GI:'OUP8" 13

-
We now ex_lne t.hese t.able8, wit.l\ a l:'8C1arc1 to what

t.hey tell us about PhiliPpe's nQun phl:'ases. In Table 9

not~ce that the 4-rules, which generat.e pr~posltlon

a4Jectlv~phrases, have nearly the same par4meters ~s the
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5-rules. which generate the post-posItion adjectival

phrases• This means our hypothesis that these would be

.. different In character is rejected. The tendency to use

more than one AQ 1s always small. whether in pre- or

postposition. Notice among the 3-rules that

(3.15) Np· -> OET NP'

and

(3.16) Np· -> NP'

have between them 92 percent of the probabili ty. Again

this limits the expected length of the noun phrase rather

sharply (see Append1x B).

Turninq to Table 10. one notices that the predicted

values for the high-frequency types are rather different

from the observed frequency. The problem arises most with

the types

PE
PO
ON NC
EP NC
PR •

which have far too small an expected frequency. and NC.

which has far too large an expected frequency.

Notice that the 2-rules. which lntroduced NC. PEt

etc.. into longer phrases by replacement in the 3-rules.

also performed double duty in creating. through Rules

( 1.3). (3.16). the one-word phrases that caused so much
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and 3-rules are mainly responsible for this. Note tha~

Rule (1,4) (SN -> EP Np.) qener~ted many types not found.

Also,· while

244 EP NC
60 EP DN NC
11 EPAQNC

were underpredieted by GrlUlllllar I, sClllle other types usinq

(1,4) were overpredicted, such as the followinql

11 EP NP
2 EP IN NC
2 EP PI
1 EPPR.

Several types usinq (1,2) (SN -> Np. EP NP*) were

underpredicted, includinq

23 IN NC EP NC
21 DN NC EP NP
13 DN NC EP DN NC

7 DNNCEPDNNC
5 IN AQ NC EP NC •

An exception was

10 NC EP NC ,

which was predicted almost exactly.
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Other problems are hidden with1n groupings of

low-frequency utterances. These include:

Observed Expected
Frequency Chisquare Noun-phrase type

21 .444 906.3 DN.NC EP NP

9 .000 302,856 PE AQ CC PE AQ

8 .091 605.9- NP CC NP

Note that DN NC EP NP used Rule (1,2) as a further

indication of the problems with that rule. PE AQ CC PE AQ

and Nt> CC NP used Rule (1.,1) (SN ->NP* CC NP*). The types

using (1.1) have difficulties similar to those of (1,2). in

that the more complex of them were unpredicted. while

1 NC CC NC
1 PI!: CC PE

were overpred icted by Grammar I.

We now turn to the geometric fit for Grammar I.

The method consisted of taking the rules in each class.

ordering them according to the highest observation of their

usage. and predicting this observed usage with a geometric

distribution. The .ssumpt1on 11!1 that there 1s a mechanism

for· seleetinq whieh rule of a given class to use, and that

we can pr~ict this meehanism with a geometric

distribution. . The gain resulting from this simplification

is a deerease in the number of parameters in the model.
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Table 11 shows the appropriateness of the geometric

their observed usage.

model. The rules in each class

The numbers

are ordered according to.. ..
in the observed column

represent the number of times the rule was used in the

corpus, weiqhed, of course, against the frequency of the

types. The standard geometric distribution with a single

parameter 0 was used to predict the values given in the
.. .. 3Expected column. The parameter 0 is given below each

class of rules. (The distributions are truncated

geometric, since the tail of the distribution is added to

the last element of the list. This practice can be

troublesome on a very flat distribution, such as that for

the rules in group 2, where the tail contains enough

probability to inflate the last value. We have, however,

found thet the distributions are usually not this flat. We

should remark that, when thare are a\ly two rules in a

group (as in qroup 4), the truncated geometric simply

reduces to the binomial.)

It is clear what mechanism is natural to associate

with a truncated geometric distribution. We assume that

the production rules for rewriting a nonterminal of a given

kind are located in a push-down store. By usage and past

experience, the rules are stored from the top down in

3 By the maximum likelihood
parameter is the reciprocal of
distribution. We denote this parameter

estimation,
the mean of

theta.

the
the
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apprOX1mate order of usage. that is. with the most frequent

being on toP. etc. When a given rule is used the spealter

goes to the location. selects the first rule with average

probabllity theta. goes to the second rule with probabllity

(1-theta); upon reaching the second rule then selects it

with probabil1ty theta or with probability (1-theta) qoes

on to the next rule. and so forth. "lt1.s1mportlint to

interpret these probabilities as being on the average.

Obviously. in a given situation semantic and perceptual

factors will determine often uniquely which rule will be

selected. although in many cases it will still be

undetermined and a probabilistic selection will be made.

What is 1mportant about the &8i11Ul11pUon of such a model 11'11

the present context is that it is meant to represent.

averaging results of accessing without taking into account

particular semantic or perceptual features of a given

occurrence of use.

Table 11 gives the parameters of the grammar based

on the geometric distribution for comparison to the

parameters of the normal distribution. Table 12 gives the

fit of the model. based on the geometric. From a

qualitative point of view. the difficulties encountered in

fit of the model based on the geometric distribution are

similar to the problems in the standard fit. as described

above.
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TABLE 11
Pa~amete~s fo~ Geomet~ic Fit of G~amma~ I

Label· Observed Expected Rule

(1,3)
(1,4)
(1,2)
( 1,1)
(1,7)
(1,5)
(1,9)

4705
347
128

39
27
17

1

4481.4675
666.2033

99.0360
14.7224

2.1886
.3254
.0568

8N -> NP*
8N -> EP NP*
8N -) NP* EP NP*
8N-) NP*..CC NP*
8N -) NP* KO .
8N -) CC NP*
8N -) NP* LC

.Theta .. .8513426

(2,6)
(2,1 )
(2,2)
(2,5)
( 2,3)
(2,4)
(2,7)

2250
1475

867
397
244
183

15

2493.3708
1348.6649

729.4932
394.5830
213.43.00
115.4444
136.0138

NP' -) Ne
NP' -> PE
NP' -> PD
NP' -> Np
NP' -> PR
NP' -) PI
NP' -) PO

Theta = .4590998

(3,16)
(3,15)
( 3,11)
(3,12)
(3,8)
(3,7)
(3,14)
( 3,3)
(3,10)
(3,13)
(3,9)
( 3,4)
(3,6)

3581
1515

147
69
50
35
20

4
3
3
2
1
1

3657.4886
1194.3653

390.0240
127.3637

41.5910
13.5817

4.4351
1.4483

.4730

.1544

.0504

.0165

.00-"

NP* -> NP'
NP* -) DET NP'
NP* -> DET ADJP NP'
NP* -> ADJP NP'
NP* -> NP' P08TADJP
NP* -) DET NP' POSTADJP
NP* -> NUN NP'
NP* -) DETADJP NP' P08TADJP
NP* -) NUN ADJPNP'
NP* -) DET NUM NP'
NP* - > DET NUM ADJP NP'
NP* -) ADJP NP' POSTADJ'P
Np· -> NUM NP' P08TADJP

Theta. .6734466

(4,1)
(4,2)

226
7

226.0000
7.0000

ADJP -) AQ
ADJP - > ADJP AQ

Theta .. .9699571
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( 5,1 ) 91 91.0000 POSTADJP ;.> AQ
(5,2) 1 1.0000 POSTAPJP -> POSTI-DJPAQ

Theta. .9891304

(6,4) 1062 1078.3448 DET -> DN
(6,5) 429 396.7343 DET -> IN
(6,3) 129 145.9627 DET -> AO
(6,1 ) 57 53.7012 DET -> AD
( 6,6) 17 19.7572 DBT -> AI
(6,2) 12 11.4998 DET -> AT

Theta • .6320896

(7,1 ) 29 29.0000 NOM -> AC

Theta • 1.0000000

TABLE 12

Noun Phrases Types for Grammar I
Geometric Fit

ObserVed Expected Chi-square Count Noun phrase type

1428 749.459 613.430 1 PE
830 405.382 443.719 1 PD
793 285.998 897.013 1 DN NC
324 219.271 49.544 1 NP
281 105.222 291.978 1 IN NC
244 205.976 6.836 1 EP NC
237 118.604 117.192 1 PRo
174 1385.577 1058.553 1 NC
156 64.153 130.069 1 PI
107 38.712 118.701 1 AO NC

61 33.328 22.153 1 IN AQ NC
60 42.516 6.785 1 EP DN NC
55 90.588 13.591 1 DN AQ NC
45 46.800 .036 1 AQ NC
37 14.243 34.782 1 AD NC

•••••••
23 1 IN NC EP NC
21 1 DN MC I!:P NP
18 1 AC NC
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16 1 ON NC AQ
--GROUP 78 5.925 864.600

13 8.430 1.965 1 PE AQ
12 13.242 .042 1 DN PI
12 15.601 .616 1 DN PO
11 5.240 5.280 1 AI NC
11 6.957 1.804 1 EP AQ NC
11 32.596 13.654 1 BP NP

------*13 1 DN NC BP NC
13 1 IN NC AQ
11 1 CC PD
10 1 DN NC ~O

10 1 IN PI
--GROUP 57 8.179 285.499

10 9.467 .000 1 NC BP HC------
9 1 PE AQ CC PE AQ
8 1 AD AQ HC
8 1 AT NC

-*GROUP 25 7.561 37.946
8 15.585 3.221 1 NC AQ
5 13.692 4.902 1 AQ PD
5 45.260 34.928 1 DN NP
4 12.262 4.913 1 AO AQ NC

--*----8 1 NP CC NP
8 1 PDKO
7 1 DN NC EP DN NC

·6 1 EP. NC AQ
5 1 IN AQ NC EP NC
4 1 AD NC KO
4 1 AO NC EP DN NC
4 1 CC PE
4 1 DN NC CC DN NC
4 1 IN NC CC IN NC
3 1 AC AQ NC
3 1 AI AQ NC

--GROUP 60 5.199 567.194
3 6.126 1.126 1 AO NP

.------*3 1 AO NC KO
3 1 AO NC EP PE
3 1 ON NC EP PE
3 1 DN NC EP AD NC
3 1 DN NC EP IN NC
3 1 EP AI NC
3 1 EP AT NC
3 1 NC EP NP
3 1 PD CC PD



2 1 AD Nil'
**GROUP 29 6.492 74.601

2 24.481 19.736 1 DN PR
2 1S.64:2 11.042 1 Eli' IN NC
2 9.537 5.192 1 EP PI

*******
:2 1 AO AO NC
2 1 DN AC AQ NC
2 1 ON AQ NC AQ
2 1 DN NC CC DN NC AQ
2 1 IN AC NC
2 1 NC Ell' ON NC
2 1 ~P:AQ

"**GROUp 14 6.185 e.651
*******

2 1 pD Ell' Nil'
2 1 pD Ell' pD
1 1 AC NC AQ
1 1 AC NC CC AC NC
1 1 AD AQ NC KO
1 1 AD NC AQ
1 1 1\,0 PI
1 1 AO pR

**GROUp 10 6.520 1.362
1 5.755 3.146 1 Ell' AO NC
1 13.467 1Q.634 1 Ell' ON AQ NC
1 17.631 14.759 1 Ell' PR

*******
1 1 AQ NC Ell' NC
1 1 AQ NC EP Nil'
1 1 AQ NC Ell' IN NC
1 1 AQ NC CC ON NC
1 1 AT AQ NC
1 1 CC DN NC
1 1 CC PE AQ
1. 1. DN liC NC
1. 1 DN AQ NC Ell' Nil'
1 1 DN NC Ell' PR
1 1 ON NC Ell' pD
1. 1 DN NC Ell' 1\0 NC
1. 1 ON NC CC 11.0 NC
1 1 ONNC Ell' AQ NC
1 1. ON PO KO
1 1 DN PO Ell' NC
1 1 ON PO Ell' Nil'
1 1 Ell' AQ AQ NC
1 1 Ell' AQ NC AQ
1. 1 IN AQ NC AQ
1 1 IN AO AQ NC
1 1 IN AQ AQ AQ NC
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1 1 IN AQ AQ NC AQ
1 1 IN AQ NC EP.1>t/ ,tjC
1 1 . IN AQNC EP DN AQ HC
1 .1 IN NC EP PR
1 1 IN NC EP AD NC
1 1 INNC EP IN NC
1 1 IN NC EP DN NC
1 1 IN NC EP IN NC' AQ
1 1 IN NC EP INAQ NC
1 1 IN NC EP DN AQ NC
1 1 IN NC AQ CC IN NC AQ
1 1 IN PI EP N<=
1 1 NC AQ AQ
1 1 NC AQ EP NP
1 1 NC CC NC

··GROUP 37 5.919 158.015
•••••••

1 1 NC EP PR
1 1 NP CC NC
1 1 NP CC PE
1 1 NP EP NP
1 1 PI!: CC PE
1 1 PI!: CC DN NC
1 1 PE LC
1 1 PIEP IN NC

··GROUP 8 2.002 15.095 .
1133.2177 1133.2177 Re81dual

5264 5264 7087.5209

Degrees of freedom.. 35

Chi-~quare/deqreesof freedom .. 202.5006
Groups .. 9

Probabilistic lexical diSambiguation. Grammar 1.
In Section III, we mentioned that the ambiquity created by

multiple classifications of words in the dictionary (called

lexical ambiquity) was, for the most. part, resolved by

Grllllllll!r I. However, 18 types, representinq 50 tokens (19
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types before consolidation) remained that were lexically

alllbiquous and not resolved by Grlllllllar I.

As in SlIIith (1972), we found that a plausible

lIIethod of relllOving lexical alllbiguity from a corpus involved

the use of a probabilistiC grammar. Thelllethod consisted

of these steps I

1. Given an &I1Ibiquous corpus and a gramlll&r, obtain

estilllates for the parametert "sOCiated with the rules of

the qrlllllllar, as described above. If the lexical ambiguity

r~ining after resolution 1IJ slll&l1 (in this caae, it was

1ess than 1 percent of the tokens) , then the parameters

will not be too inaccurate.

2. FOr each lexically ambiguOus type, select the

lexical reading that h.. the highest probability according

to the parameters obtained in (1).

In Table 13 we give the 18 ambiquous types and

include the resolution suggested by the allove lIIethod. An

examination of the actual nOUl)phrases suggests that this

lIIethod is reasonably ae~rate in relllOving spurious

ambiquities.
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TABLE 13
Lexical Di~ambig~a~ion of Noun Phrases in Grammar I

7
7
6
5
,5
4
3
2
2
1
1
1
.1
1
1
1
1
1

Ambiguous type

DN,PEAO,NC
DN,PE AQ,PI,AI
NC,PI
AO,PI,AI,DV I'D
DtLN9. AQ ,Lg
DN,PE PI,AI,Le
,,"Q,PI,AI,Ne
AQ,NC,KO NC'Le
EP AQ,PI,AI NC
AD,PEAQ AQ,NC
AQ,Le .,,"0 ~C

DN NC EPAO,PI,AI,NC
DN,i>E NC,LC
DN,PE NC,EP,LC
DN,PE AQ AO,NC
NC EP ON,PE AQ,NC
I'E AQ,VT,VA,LC
PE,PI,AO .

. Resolved ~ype

DN NC
DN PI
NC
AQ I'D
DN NC AQ
DN PI
AQ NC
AO NC
EP AQ NC
AD AQNC
AQ AQ NC
DN NC EP AQNC
DN NC
DNNC
DN AO NC
NCEP DN NC
PE AQ
PE

Prob•

•06
.005
.24
.00-2
.001
.005
.005
.005
.0003
.0003
.0001
.000009·
.06
.06
.006
.0005
.002
.16

corpus.

Grammar! and ~he sections gt ~he noun-phrase

9~ .. noun,...phrase corpus was drawn from three parts

of ~he 33 sessions (s,ct!on I is Sessions 1 through 3, II

18. 14 through 16, and III is 31 ~hrough 33). We analyzed

each of these sessions separately, especially since we were

interested in ~he developmen~l aspec~s of the child and

his growing sophistica~ion in the use of language. Table

14 shows the results of analyzing each of the three

different time sections of the ~hree sessions separately.

(The slight discrepency between Table 14 and Table 8 is due
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to a correction we made in the text that did not affect the

fit.) FOr example, the first time section, Sessions 1-3,

contained a. total of 136 types in the corpus, with 104

types reeoqn ized. Eighty-seven of these types were

ambiguous in the cOrpus, meaning that at least one word in

the noun phrase had more than one grammatical

classification. Of these 87, 73 were rec09ni~ed 'and of the

73, 64 had the ambiguity resolved to a single lexical form.

Of the remaining 9 types, 8 had the ambiguity reduced in a

number of lexical forms. Similar remarks are to be 'made

abOut the tokens, which are tabulated in the second column.

The ambiguity factors for the three sections are also

shown. What 18 important is the reduced ambigu1 ty factor

as defined above, which reflects the small amount of

amb1qi.lity in the final analysis. In other words, . the

reduced ambiguity factor of 21 indicates the number of

. tokens among the 1,562 recoqnized that have more than one

derivation tree. For . the second time period, SessiCX1s

14-16, the :reduced ambiguity factor is 9, and for the third

time section, Sessions 31-33" the reduced ambiguity factor

is 22.

After making the analysis shown in the table, we

consolidated the types for each time section, and the

subsequent analySis is in terms of these types. The first

time section consolidated to 72 types, the second to 67,
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There is a fairly lIUbstanttal reduct10n in.· the

percentaqe of types reeoqnized in the third time P9rt~on.

The first two aI's just about the 8ame. The re4uction in

nUlllber of tokens recoqntzed in the third t1llle ·.eetion .ts

8IDa11, amountinq to only a small percentage. ~

explanat1onfor the _aller percentage of .types reeognizeCl

tn Section 3 is that section 3 is lIUbstantially.larger then

the first two seetions (2351 tokens eCll!lpare4 wltb 1629,

1566 tOkens in Sections 1 an4 2, respectively). We bavs

notlceci in the previous work tat the larger tl'le sample,

the smaller the percentage of recognized types.
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TABLE 14
Section Compari,on of Noun-Phrase Corpus

Section 1 Section 2 Section 3
Description Types Tokens TYP\Is Tokens Types TOkens

Total 136 1629 126 1566 .221 2351

Recognized 104 1562 98 1513 141 2191

% Recognlzed 76.47 95.8 17.78 96.62 63.80 93.19

Ambiquous 87 673 B4 436 158 721

S Ambiquous 63.97 41.31 66.67 27.84 71.49 30.67

Amb. recoq. 73 655 67 412 110 649

% Amb. recoq. 83.91 97.33 79.76 94.50 69.62 90.01

Amb. resolved 64 636 61 403 98 627

Amb. reduced 8 18 5 6 11 19

Or lqin al 1006 612 1188
amblqulty
factor

Parsed 956 550 974
ambiquity
factor

Reduced 21 9 22
amblquity
factor

Types after 72 67 89
consolidation

Types after 64 63 81
probabilistic!
dlaamblquation

-----~---------,--~-----

Some of the dlfferences amonq _the three sections
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are startling. Table 15 shoWs the most frequent types from

each section, 'using the qeometric model, toqether with the

observed, expected, and chi-square contribution of each

type. I t is rather surprisinq to see ON NC occurred 394

times in Section I, and only 1.64 and 235 times in Sections

2 and 3, respectively. In Section· I, EP NC occurred 93

times and in Section 3 it occurred 91 times.

-----.._----- ,------------------
TABLE 15

Section Com~ri80n

Hiqh-frequencyNoun Phrases

Obser.ved Expected Chisquare Count Noun phrase type

Section I (Sessions 1-3)

394 119.707 626.214 1 ON NC
206 199.028 .210 1 .PE
191 52.473 363.071 1 PO
.177 102.194 54.028 1 NP

,97 387.618 217.143 1 NC
82 24.987 127.811 1 IN NC
60 63.357 .129 1 EP NC
39 57.122 5.436 1 AQNC
38 26.943 4.136 1 PI
35 19.566 11.398 1 EP ON NC
33 13.834 25.184 1 PR
22 5.216 50.840 1 AO NC
22 17.641 .844 1 ON AQ NC

Section II (Sessions 14-16)

427 227.669 173.645 1 PE
302 127.523 237.352 1 PD
164 60.561 174.971 1 DN NC

93 61.828 15.216 1 EP NC
8S 71.429 2.392 1 NP
85 40.009 49.474 1 PI<
62 28.300 38.947 1 IN NC
47 22.4.10 25.895 1 PI
39 13.225 48.306 1 AO MC·
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34 406.461 340.389 1 NC
21 6.180 33.182 1 AD NC
16 7.916 7.267. 1 IN.AQ NC
15 16.939 .122 1 DN AQ NC

Section III (Sessions 31-33)

795 333.957 635.110 1 PE
337 179.686 136.853 1 PD
235 105.328 158.415 1 DN NC
137 44.373 191.271 1 IN NC
119 96.680 4.924 1 PR

91 82.134 .852 1 EP NC
73 52.019 8.064 1 PI
62 27.989 40.123 1 NP
46 18.694 38.438 1 AO NC
43 620.679 536.728 1 NC
30 12.385 23.653 1 IN AQ NC
18 29.397 4.039 1 DN AQ NC
14 7.876 4.017 1 AD NC

As an interesting comparison, Suppes
•

(1970; 1971)
•

in previous work on ADAM 1, found. that in the earliest

stages of development of an English-speaking child, the

noun by itself is the most.
phrase. Also, in the study 9f

frequently

the ERICA

occurring noun
\

corpuJ) (Smith

1972), the preponderance on the noun occurring alone

decreases as the child nears three years of age. Quite

plausibly, for a French-speaking child, the noun does not

occur by itself (even at first), but rather with an

article, which is natural in French for obvious reasons.

Therefore, we see ift Philippe's speech the same tendency

that we have seen before in English corpora, but with the

straightforward addition of the required article.
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More general remarlta of, It developllent!Al, nat\4'e are

reserved untU the end ot the .eC!t1Cl1l on Gr.-ar U.
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V. DICTIONARY II

Our second analysis, built directly on the first

analysis, is aimed at an approach less based on the earlier

work with English. We especially use the ideas found in

Dubois (1970) to describe the construction of the

determiner phrase that modifies a noun. The.. rules of the

grammar are examined in more detail in Section VI.

To accommodate Dubois' ideas, Dictionary I reqUired

some modifications. In passing to Dictionary II, we have

Changed the grammatical categories as little as possible,

in order to maintain a meaningful comparison. This means

that some of our. abbreviations,. ete., still make Dictionary

II look very much like Dictionary I. We heve, how~er, at

critical points introduced Changes.

A full set of grammatical categories comparing

Dictionary I with Dictionary II is shown in Table 16.

TABLE 16
correspondence between Dictionary I and II.

Dictionary I Dictionary II---:---------
IB
DB
PE
PD
PR
PI1-7

-------------
IN
DN
PE
PD
PR
PI1-7
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PIS DT
QA
NU

PO PO
AQ AQ
AC AC
AN AO
AD AD
AT AT
AO AO

AI DT
QA
NU

NC NC
NP NP

DV DV
OR
QA

EP EP
CS CS
CC CC
KO KO
LC LC
MS MS

Flrst, to facl1ltate the rewrlte rules of Grammar

II described in the next seetlon, we broke t~ cateqory of

PIS .of Dictionary I into three cateqories, gen9tat;ive (DN) ,

the cateqory that Dubois calls n1llll.r&sal (NU) and Dubols'

cateqory of absolute quantltative (QA). Associated wlth

this last category 18 aleo Dubols' cateqory. of relat&ve

gqant;1taUve (OR), whlch is a subdlvislon of DV in

Dlctlonary I. Note that in· the cateqorles QA and OR we

classifled word. which were clas8ifi.d as indefinite
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pronouns or posslbly as adjectlves or adverbs ln Dlctlonary

I. In one polnt we dld not follow Dubols completely, for

we stl11 entered many of the words he classlfles as OR also

as adverbs in DlctlonaryII. For example, beaucoup was

coded both as OR and DVO. Also, to anticlpate Grammar II,

ln the rewrlte rules using OR the cateqory of lexlcal ltems

ln the category OR are ordlnarl1y followed by ~.

Aa mlqht be expected, related to the recodlnq ln

Dlctlonary II of the category pronom 1nde"finl (PI8), there

1s a cQrrespondlnq recodinq from Dlctionary I to Dlctlonary

II of the cateqory of !d1ect1fs inde"finis (AI) into the

same three categories DT, AO, and NO.

The third major chanqe to be noted ln passing from

Dictionary I to Dictlonary Ills the classiflcation of

adverbs (DV). In Dlctionary II this classiflcation is

broken up lnto the adverb category, the absolute

quantitatlve eateqory and the relatlve quantitatlve

category. We have already remarked about the two latter

categories -in Dictlonary IX, and consequently, nothinq more

is said here.

However, because the number of lexical ltems in

these new cateqories is 8lll&11, and because there ls a lack

of systemization of all the words to be consldered by

Dubois, - we list the complete category for DT, NO, QA and

OR. The followinq four words were placed 1n the denotat1ve
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category DTI autre(.!!) , lL JWhen following .!

me'me(.!!). The nUlllerlcal category NU contained the

chague, nulle, guelgue, plusieurs. The
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VI. NOUN-PHRASE-GRAMMAR II

Grammar II, which is derived from Dubois (1970), is

closer than our Grammar I to the current literature on

9enerative 9rammars of the French lanlJUage. It is already

clear from discussinq the construction of Dictionary II how

the 9rammatical cateqoriesbave been chanqed. In order to

facilitate the compariSon of the two grammars,the main

subheadinqs of this· section are precisely the same as those

of>the section dealing with Grammar I.

- Nonterminal vocabulary ~ GN!IItlIary. In addition

to the- grammatical cat890ries introduced in Dictionary II,

we have us8l1 the followinq additional nonterminal symbols

in Grammar II. In the ca8e of Grammar II, these additional

symbols cannot be rewritten by leXical rules. but they

oc::cur in -derivation trees always at least two nodes from a­

terminal node. As in Grammar I, the label of the root of

all the noun phrases is SN (syntagme nominal). Following

Dubois we also introduced GN and, for- more spGcialized,

purposes of the final probabilistic analysis, GN'. The

nonterminal Of GN is an abbreviation for groupe nomina!.

We also have NP* playinq a similar role to NP* in Grammar

I.

Additional- nonterminals taleen from Duboili are

PREAR'l' for pre-articles, POSTART for post-articles. ART for

articles, and NOM for numerals. As in the case of Grammar
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I. we also used ADJP for adjective phrases in pre-position

and POSTADJP for adjective phrases in post-position.

Finally. we used N for nouns Wi th N beinq rewri tten as

either a common noun or a proper noun. that is. asa NC or

NP.

As in ..Grlll\ll1lar I. by aqa1n om1tting the su!:.lscJ:'ipta

1ntroduced in the original dictionary coding. we achieved

the same level of abstraction for the two grammars.

The prO<1uction {Wee. The 56 production rules of

Grammar II are shown in Table 17. As in the case of rules

of Grammar I. the production rules have a surprisingly

standard character. The. prototypes Of a good many ot them

are to be found in Dubois (1970).

In our formalization of the notions of Dubois. we

f1rst used a grlll\ll1lar somewhat closer to that of Dubo1s. We

discuss belCN the reasons for the main mocUfications to the

grammar implic1t in Dubois.

TABLE 17
Production Rules of Grammar II

Label Rule

(1.1) SN -> GN'
(1.2~ SN -> GN EP GN
(1.3 SN -> GN CC GN
(1.4) SN -> NC
(1.5) . SN -> CC GN
(1.6) SN -> 1<0 GN
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( 1,7) SN -> GN KO
(1,8 ) SN -> LC GN
(1,9) SN -> ON LC
(1,10) SN -> EP NC
(1,11) SN -> EP GN'

(2,1) GN -> GN'
(2,2) GN -> NC

(3,1) GN' -> PE
(3,2) GN' -> PD
(3,3) 00' -) PR
(3,4) GN' -) PI
(3,5) GN' -) PO
(3,6) GN' -) NP*
(3,7) GN' -) DN PO
( 3,8) GN' -) D NP*
(3,9) GN' -) D
(3,10) GN' -> NP
( 3,11) 00' -) D NC
(3,12 ) GN' -> D NP

(4,1)
(4,2)
(4,3)
(4,4)
(4,5 )
(4,6)
(4,7)
(4,8)
(4,9)
(4,10)
( 4,11)

(5,1)
(5,2)
(5,3)
(5,4)

(6,1 )
(6,2)
(6,3)

D -) PREP.RT AD PO$TART
D -) PREART ART POS'1'ART
D -) AD PO$TART
D -) POSTART
D -) PREART AD
D -) PREART POSTART
D -)ART POSTART
D -> PREART ART
D -> AD
D -) ART
D -) PRFART

ART -> AO
ART -) AT
ART -) IN
ART -) DN

POSTART -> NOM
POSTART-) NOM DT
POSTART-> DT
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(7,1 ) NOM -> AC
(7,2) NOM -> NU

(8,1) PREART -> QA
(8,2) PREART -> QR EP

(9,1) NP* -> ADJP N POSTADJP
(9,2) NP* -> ADJP N
(9,3) NP* -> N POSTADJP

(10,1) ADJP -) AQ
(10,2) ADJP -> ADJP AQ

(11,1) POSTADJP -> AO
(11,2) POSTADJP -> POSTAp.J'P AO

(12,1) N -> NC
(12,2) N -> NP

The . basic structure of the producti,on rilles

reflects Dubois' structural represen~tion of the n~inal

group (GN) as the determiner plus a noun, where the

'determiner itself is r_ritten alii Sholm .t.n rules (4,1) to

(4,11). Thus, the structure of the determinin9 p~alile and

its tmportanee to the noun phrase is a critical part of the

Dubois treatment. We have taken over Dubois' distinctions

of pre-article, demonstrati,ve articles and post-articles,

as mentioned above. AS the productiqn rilles for

pre-articles we have also used his diVision into absolute

and relative quantities &s reflected in rules (8,1) and



82

(8.2)~ Unlike Dubois, we haVe also Coded as adverbs the

words Coded as OR. We adapted his rewritinIJ rules for the

'post-articles, and this is reflected in rules (6,1) (6,2)

and (6,3). Dubois included as one of the possible rewrite

rule. for post-articles the introduction of the word ~,

but we Omi:tted this rule because tel does, not appear in the

Philippe corpus.

Examination of Table 17 shows that we have a larlJer

number of IJroups of rules in Grammar II than in Grammar I;'

in particular there are 12 IJroups of rules in Grammar II

compared to 7 in Gralllllar I. In the first IJroup we have 11

rules cOOlpared to gin the first group of Grammar I. These

are the rules that IJovern the first step from the labeled

rdot of the tree SN.

The two rules in the second group. starting from

GN. 'generate either symbol GN' or the single terminal NC.

The reason for introducing these rules was to generate the

terminal NC (cO\lImon nouns) at a high level in the IJrammar

in order to obtain a better probabilistic fit. Comparing

this feature of our Grammar II with our original -Dubois·

grammar. we see that most of our modifications have mainly

changed 'the level of introduction of certain symbols. and

not the general nature of the grammar or to any degree the

noun phrasesrecQ9nized.

Rule (1.10) requires separate remarks. The purpose
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of this rule is to qenerate. at a hlgh level in the

qrammar. phrases like d'arqent. In these phrases. the

. preposition EP is in fact the partitive constructlon. as is

indicated

Since our

by the common Enqlish translation .!S!!!!. money... .. .oriqinal Dubois grammar does not. allow for this

construction. we added the following rule to handle these

cases: Our first efforts to add it did so by adding as a

rule to group 3

GN' -> EP NP* •

~he problem with this rule. from a probabilistic polnt of

View. is that it does not allow for the rather common

occurrence of EP NC (which occurred 244 times in the

consolidated version of Philippe's SPeech under Grammar

II). as oPPC?sed to phrases like EP NC AQ. which occurred

only ·6 times. ~herefore. we Changed the grammar to allow

for the separate generation of EP NC. and took care to see

that no ambiquities were introduced.

~he third group of rules. (3.1) to (3.12). provide

the rewrite rules for the nominal group corresponding

fairly closely to suggestions in Dubois. There are however

several differences. Dubois (1970. p. 35) discusses the

view that the GN structure has these forms:

GN -> D N
GN -> NP
GN -> PRONOUN
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(The general category PRONOUN is Dubois", not ours.) The
o

first change that we made was to add rules (3,1) to (3,5)

to accommodate the several kinds of pronouns that we have

offered. This change is hardly more than terminology. A

deeper change, but one that is consistent with Dubois"

treatment of adjectives (see pp. 126-131), is to allow

adjective phrases to be introduced after the determiner

element, us1ng rules (9,1) through (9,3). Thus, we have

added rules (3,6) and (3,8) to the rules in group 3.

One additional rule that deserves mention is rule

(3,7) , which is also a departure from Dubois. This rule

was introduced to remedy a rather bad probablli sUe

discrepancy that had occurred in Grammar I. Noun phrases

of the type DN PO can be generated in Granmar I by the use

of rules (3,15), (2,7), and (6,4). However, as Table 10

shows, the theoretical frequency Of this type of utterance

was negligible, while the type has an actual frequency of

12 in our selected nine hours of the corpus. The much

better fit of the new rule introduced in Grammar II is seen

from the data in Table 20 below. The predicted frequency

is now 13.805, which matches closely the observed frequency

of 12.

The fourth group of rules, the rewrite rules for

determiners, constitute the most important contribution of

Dubois" analysis to Grammar II. Here we have followed
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closely hls suggestlons, because we thlpk they p~ovl~e an

excellent f~amewo~k for handllnq the v~lous pa~ts of

speech that p~ecede nouns 1n noun ph~ses'. We can

8Umma~lZe these ~les by saylng that they qene~ate the 11

g~anmatlcally senslble posslbUlties out of the 16

posslbllltles obtalned by elthe~ uslng o~ not uslng each of

the cateqo~les PRPART, AD, ART, POSTART.

The flfth q~oup of roles a~e the ~ew~lte ~les f«

a~tlcles. The slxth group of rules are fo~ the

post-a~lele8 to be ~ew~ltten a8 • •nume~leal terms, wblch

Can lead to a slngle word in the NUN eatego~ or NUN

followed by a denotatlve o~ a denotatlve alone. The

seventh q~oup of ~ules a~e the ~ewrlte roles fo~ spllttlnq

the nume~leal eateqo~ ~N lnto the g~ammatleal eateqo~les

AC and NU, whleh a~e dlscu8sed aboVe ln the sectlon on

Dlctlonary II. The p~e-a~tlcle ~ew~lte ~les fo~m the

elghth q~oup and p~ovlde fo~ ~ew~ltlnq p~e-artlcles as

elthe~ absolute o~ ~elatlve quantltle8, wlth of eourse the

relatlve quantities followed by a prepositlon. The ninth,

tenth, eleventh and twelfth q~oups of rules are close to

~ules oceur~lnq ln G~ammar I and do not requlre additlonal

comment..

N9nprobab1.li8tic W R! Grll!!!!!!&~ n. The data a~e

summarlzed in T,able 18. Grammar II does not do qUlte as

well as Grammar I in terms of the total nqBber of noun
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Grammar II parses 5,145 tokens 1n

contrast to the 5,266 for Grammar I. The number of types

that are parsed is also smaller -- 212 for Gram.ar II, 223

for Grammar I. The reduced lIIIIbiguity factor is also four

times larger for Grammar II than for Grlllllmar I, nlllllely, 241

for Grammar II cOlllpared to 52 for Grammar I.

TABLE 18
Nonprobabil1st1c F it of Grammar II Noun-phrase Corpus

Description

Total

. RecogniZed by Grlll\lllar II

Percent recoqnized

LeXically ambiguous

Percent leXically lIIIIbiguous

Ambiguous recognized

Percent lIIIIbiguous recognized

Ambiguity resolved

Ambiguity reduced

Types

347

212

61.1%

236

68.0%

149

63.1%

133

10

TOkens

5547

5145

92.8%

1804

32.5%

1634

1401

21

Original ambiquity factor 2607

parsed ambiguity factor 2203

Reduced ambiquity factor 241
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Since the entries of Table 18 correJipond exactly to

the entries of Table 8 in our discussion of Gr&ll\lllar I in

Section 4. so we will not repeat the explanation. Notice

that the number· of types originally present in· the corpus

'is somewhat different here (347 compared to 345). This of

course is because the change to Dictionary II produces a

. change in the categorization, of noun .phrases.

After initial parsing. the 212 recognized types

consolidated to 140 types. This compares to a somewhat

higher figure of 143 types for Grammar I.

It might be thought from this discussion that

Grammar II is not as satisfactory as Grammar I • However •

under the much tighter and stricter probabilistiC Criterion

that we next discuss Grammar II generates a language that

has a much better f it to the corpus of nOUn phrases than

does that generated by Grammar I.

Probabil1stlc fit ~ G;ammar y. Table 19 giV'es

the parameters for the standard fit of Grammar II. obtained

by the maximum-likelihood method. and Table 20 shows the

results of the goodness-of-fit test for each noun-phrase

type. Once again. types With expected frequency less than

5 were grouped toget)\er to aV'oid the problem oj; large

chi-square contributions. and we used a continuity

correction of.5.



88

TABLE 19

Parameters for Grammar II

•Philippe"s Noun Phrases

Label Probe Rule

( 1,1) .8603 SN -> GN'
(1,2) •0249 SN -> GN EP GN .
(1,3) .0056 SN -> GN CC GN
(1,4 ) .0338 SN -> NC
(1,5) .0031 SN -> CC GN
(1,6) .0000 SN -> KO GN
(1,7) .0047 SN -> GN KO
(1,8) .0000 SN -> LC GN
(1,9) .0004 SN -> GN LC
(1,10) .0474 SN -> EP NC
(1,11) .0198 SN -> :£:1' GN'

(2,1) .7893 GN -> GN'
(2,2) .2107 GN -> NC

(3,1) .2996 GN' -> PE
(3,2) .1792 00' -> PD
(3,3) .0501 GN' -> PR
(3,4) .0316 00' -> PI
(3,5) .0000 ON' -> PO
( 3,6) .0162 00' -> NP*
(3,7) .0031 GN' -> DN PO
( 3,8J .0343 GN' -> D NP*
(3,9 .0106 GN' -> D
(3,10) .0807 GN' -> NP
(3,11) .2930 ON' -> D NC
(3,12 ) .0015 GN' -> D NP

(4,1) .0000 D -> PREART AD POSTART
(4,2) .0000 D -> PREART ART POSTART
(4,3) .0000 D -> AD POSTART
(4,4) .0313 D -> POSTART
(4,5) .0000 D -> PREART AD
(4,6) .0000 D -) PREART POSTART
(4,7) . .0331 D - >ART POSTART
(4,8) .0074 D -> PREART ART
(4,9) .0349 D -> AD
(4, 1O~ .8854 D -> ART
(4,11 .0080 D -> PREART



89

(5,2) .0086 ART -) AT
(5,3) • 2958 ART -) IN .
(5,4) .6956 ART -) DN

(6,1) .4667 POSTART -) NUM
(6,2) .0000 .POSTART -) NUM DT
(6,3) .5333 POSTART -)DT

(7,1) .5918 NUN -) AI::
(7,2) .4082 NUM -) NU

,
(8,1) .7600 PREART -) QA

(8,2) .2400 PR~RT -> OR EP

(9,1) .0206 NP* - >taDJP N POSTADJP
(9,2) .7572 NP* -) ADJP N
(9,3) .2222 NP*-) NPOSTADJp

(10,1) .9742 ADJP -) taO
(10,2) .02~8 ADJP -) ADJp AO

(11.1) .9833 POSTADJP -)AO
(11,2) ;,0167 POSTADJP -) POSTADJP AO

(12,1) . .9918 N ,..) NC
(12.2) .0082 N -) NP

*Correct1on for co0<t1nu1ty '" .5; expected < 5 are
qroupedtoqether.

TABLB 20

Noun-Phrase Types for Grammar II

·Obllerved· EXPected Ch1aquare Count Noun-phrase type

1428 1326.235 7.732 1 PE
830 793.348 1.647 1 PD
793 798.645 .033 1 DN NC
324 357.0~ 2.976 1 NI?
281 339.6'71 9.962 1 . IN NC
244 . 244.000 .001 1 EP Ne
237 221.806 .973 1 PR
174 174.000 .001 1 NC
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152 139.894 .963 1 PI
60 18.405 91.755 1 EP ON tilC
52 29.101 17.240 1 IN 1.0 NC
43 52.521 1.549 1 AO NC
40 68.424 11.396 1 ON AO NC
37 45.292 1.341 1 AD Me
18 11.192 3.SSS 1 AC NC
16 20.269 .701 1 ON NC 1'.0
15 15.918 .011 1 ON OT NC

*******
23 1 IN tilC EP NC
21 1 DN He El' I!Ui'
13 1 ON tilC El!' NC

*tlGROUl? 57 6.635 374.734
13 12.29S .003 1 IN
13 8.620 1.746 1 IN NC AO
12 13.805 .123 1 DN PO
11 8.230 .626 1 El? NP
11 7.719 1.002 1 NO NC

*******
12 1 DN DT
11 1 CC PO
10 1 DN Ne KO

**GROUl? 33 6.258 110.037
10 5.681 2.561 1 NC EP NC

9 6.770 .442 1 IN OT MC
9 5.041 2.374- 1 ~ EH~ ~~c

*******
10 1 IN DT

9 1 EP AQ Ne
8 1 AD AQ NC

**GROUl? 27 5.336 83.946
8 9.879 .192 1 AT NC
8 15.558 3.202 1 Ne AQ

*-****
8 1 NP CC loll'
8 1 PI) »to
7 1 DN Ne Elil DN NC

**GROUP 23 6.110 43.968
*******

6 1 EP NC AQ
6 1 OA
5 1 DN NP
5 1 IN AQ NC EP tile
5 1 OR El1' tilC

**GRaUl? 27 7.230 51.366
*****-

4 1 AD NC KO
4 1 CC PE
4 1 DN tile CC ON Ne
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4 1 IN NCCCIN NC
3 1 AC At) NC

**GROUP 19 5.632 29.403
*....*.

3 1 DN NC EPPE
3 1 DN NCEP AD NC
3 1 DN NC EP IN NC

··GROUP 9 5.564 1.550
••••*.*.

3 1 EP AT NC
3 1 EP NO NC
3 1 INP:P.NO NC
3 1 NC EP NP
3 1 NU AO NC
3 1 PD CC PD
3 1 QA DN NC EP NP
2 1 AD NP
2 1 AQ AO NC
2 1 DN AC AQ NC

**GROUP 27 5.657 76.789
.2 21.613 16.902 1 DT NC
2 7.828 3.626 1 EP IN NC

*******
2 1 DN AQ NCAQ
2 1 DN NC CCDN NC AQ
2 1 EP DT

**GRO~P
1 EP DT NI::
1 IN AC NC

10 5.865 2.252
*******

2 1 IN EP NC
2 1 NC EP DN NC
2 1 NP 1\0
2 1 PD EP NP

**GROUP 8 5.182 1.037
. ****...

2 1 PD EP PD
2 1 PE Log
1 1 AC N AO
1 1 ACNC CC AC NC
1 1 AD AO He KO
1 1 AD NC AQ
1 1 AO NC EP NC
1 1 AQ NC EP NP
1 1 AO Nc EP IN NC
1 1 AQ NC CO DN NC
1 1 AT

. **GROUP 13 5.283 9.957
1 . 8.243 5.516 1 DN AC NC.......
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1 1 AT AQ l'lC
1 1 CC PN NC
1 1 DN AQ NC EP Nil'
1 1 PN NC l'I:P PR
1 1 DN NC Ell' PD

**GROUp 5 6.525 .161
1 5.112 2.552 1 EP pR

*******
1 1 DN NC IpDT NC
1 1 DN PO KO
1 1 DN PO EP NC
1 1 DN PO EP NP
1 1 BP,AQ.AQ NC
1 1 :Ell' AQ NC AQ
1 1 Ell' DN AQ NC
1 1 IN AQ NCAQ
1 1 IN AQ AQ AQ NC
1 1 IN AQ NC EP ON NC
1 1 IN AQ Nc Ell' DN AQ NC
1 1 IN P'1' AQ NC
1 1 IN DT EP NO
1 1 IN DT AQ NCAQ
1 1 IN NO EP pR
1 1 IN NO IP AP Ne
1 1 IN NC Ell' IN NC
1 1 IN HO BP PN NC

**GROUP 1$ 5.296 28.123
*******

1 1 IN HC Ell' IN NO AQ
1 1 IH HC Ell' iN AQ NC
1 1 IN NC Ell' DN AQ NC
1 , IN NC AQ CC IN NC AQ
1 1 NC AQ AQ
1 1 l'lC AQ Ell' Nil'
1 1 'HC CC NC
1 1 NC Ell' PR
1 1 HP CC NC
1 1 Nil' cc PE
1 1 NP EP NP
1 1 PE CC PE

**GROUp 12 5.7$0 5.750
****.**

1 1 pE CC DN NC;:
1 1 QA Ell' IN NC
1 1 OR 1311' AQ HC

**GROUP 3 1.190 1.443

269.;2729 269.2729 R.uI1d~1



D!!lqrees ,of fr.eedom •

5145 5145

93

1282.4002

11

Totals

Chi-square/degrees of freedom_ 116.5818

Groups. 15

weshll1l compare the fit as shown in T.able 20 with

the fit of Grammar I as shown in Table 10 of S4ction IV, to

substantiate for our claim that Grammar II has a better fit

than does Grammar I. Notice that the residual of Grammar

II is only 269. whereas that of Grammar I is 1112. This

mealls that over 20 percent of the probability in Grammar I

was distributed among noun-phrase types that did not occur

in Philippe. While in Grammar II only about 5 percent, of

theprobabil1ty is so distributed. This is not a measure

,of the adequacy ofa grammar, but instead of tha tightness

of the.grammar relative to the corpus under consideration.

Grammar I, primarily our previous experience with English.

is too broad to provide a sharp characterization of the

speech .. of Philippe. The slight decrease in the number of

types/tokens recognized by Grammar II over Grammar I is

more than opmpensated for in this residual •

.T~e goodnes_of-fit of Grammar II is even more

With 11 decJreea of freedom, the chi-square

sum overthenoun-phrase types is 1282 for Grammar II,
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ccmpa~~ to 5527 for Grl11l\lllar I. On ccmpar1ng the h1gh

frequency noun phras8s for the two grlllmlars we qU1Ckly see

that the pr~ict1ons of Grammar II are much more accurate

than those of Grammar I. The high-frequency noun-phrase

types (WhiCh happen to be the same 1n both dictionaries)

are shown in Table 21.

TABLE 21

Compar1son of GrammaX's I and II

Phi11ppe Noun phrases

Ch1-square contributions
Grammar I Grammar II Noun-phr""se

------ ---------------~----------------
Observed

1428
830
793
324
281
244
237
174
156

406.1
225.6
609.0
41.3

151.2
233.3
67.7

960.0
24.9

7.7
1.6
.0

3.0
10.0

.0
1.0

.0
1.0

PE
PD
DN NC
NP
IN NC
EP NC
PR
NC
PI

Total observed (in this sample) • 4467

There are other types not so well handled by

Gtammar II, but among the high-frequency types shoWEl in

Table 21. which account for 4467 noun phrases out of 5547

in the corpus. it is Clear that Gramar II is the better

fit.
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We now turn to the geometric fit of GrcunllIar II.

Table 22 gives the parameters of that fit, andT~ble 23

giVElS the details of t;he f.i.t for each. !1oun-ph!::.llse type.

(These tables correspon~ to Table~ 11 and 12 of Section

IV.)

TABLE 22
Parameters for· Geomet%'ic Fit of Grammar II

(1.1) 4426 3810.5891 aN -> Gi.I1'
(1.10.) 244 988.3168 aN ->EP Ne
(1.4) 174 256.3305 aN ->NC
(i.:?) 128 66.4820 3N ..:) G1I1 Et:' GN
(1.1'1) 102 17.2428 SN -> EP G1I1'
( 1 ,3) 2S 4.4121 3N-) GN CC GN
(1.7) 24 1.1599 aN-> GN KO
(1.5) 16 .300B SN -> CC GN
(1.9) 2 .•• 1053 8N -> GN LC

Theta ... .1406394

(2,0 281 2810\0000 00"'> GN'
(2.2) 15 15.0000 . GN -) 1I1C

Theta ... .7893258

(3.n 1441 ~ 781.9908 ON' -) PE
(3,11 ) 1409 1121.6682 00' -) DNe
(3,2) 862 706.0304 GN' -:> PO

. (3; 10) 388 444.4085. GIll' -) NP
(3.3) 241 279.7315 (;N' -) Pit
(3.8) 1.65 176.0761 GN' -l) D NP*
( 3.4) 152 110.8305 GP' -> PI
(3.6) 78 69.7619 QN' -) Np·
(3.9~ 51 43.9114 GN" -) 1)

(3.7 15 27.6399 GN' -> DN PO
(3.12) 7 46.9510 GN' -)DNP
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Theta • .3705533

(4,10) 1445 1289.6780 D -> ART
(4,9) 57 270.5178 D -> AD
(4,7) 54 56.7428 D -> ART POSTART
(4,4) 51 11.9021 D -> POSTART
(4,11) 13 2.4965 D -> PREART
(4,8) 12 .6627 D - > PRBART ART

Theta .. .7902439

( 5,4) 1051 1148.3907 ART -> DN
(5,3) 447 275.5905 ART ->IN
(5,2) 13 87.0189 ART -> AT

Theta .. .7600203

(6,3) 56 56.0000 POSTART -> DT
(6,1) 49 49.0000 POSTART - > NOM

Theta .. .5333333

(7,1) 29 29.0000 NOM -> A.C
( 7,2) 20 20.0000 NOM ->NO

Theta .. .5918367

(8,1) 19 19.0000 PREART -> QA
(8,2) ·6 6.0000 PREART -> OR EP

Theta .. .7600000

( 9,2) 184 191.5033 NP* -> ADJP N
( 9,3) 54 40.5835 NP* -> N l'OSTAn;rp
(9,1) 5 10.9132 NP* - >APJP N POSTADJP

Theta • .7880795

(10,1) 189 189.0000 ADJP -> AQ
(10,2) 5 5.0000 ADJP - > ADJP AQ

Theta .. .9742268

(11,1~ 59 59.0000 POSTADJP - > AQ
(11 ,2 1 1.0000 POSTADJP -> POSTADJP AQ

Theta • .9833333

(12,1) 241 241.0000 N -> NC
(12,2) 2 2.0000 N -> NP
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.9917695

TABLE 23
Noun Phrase Types foI' Grammar II

Geometric Fit .

Observed Expected Chi.quare Count Noun-phrase type

1428 1412.027 .17 1 PE
830 559.449 130.356 1 PO
793 .S33.912 125.362 1 ON NC
324 352.144 2.170 1 NP
281 129.104 191.294 1 IN NC
244 988.317 559.804 1 EP NC
237 221.656 .994 1 PR
174 256.330 26.123 1 NC
152 87.821 46.174 1 PI

52 15.312 85.523 1 IN AQ NC
43 42.092 .004 1 AQ NC
40 63.906 8.513 1 ON AQ NC
37 147.325 81.971 1 AO NC

•••••••
60 1 P ON NC
23 1 N NC EP NC
21 1 N NC EP NP
18 1 C NC

··C:;~OUP 122 .5.114 2648.96
16 13.648 .251 1 ON NC AQ
15 12.526 .311 1 ON OT NC
13 5.015 11.171 1 IN

•••••••
13 1 N NC EP NC
13 1 N NC AQ
12 1 NOT

·-GROUP 38 5.314 194.926
12 121.901 4.036 1 ON PO.__.. \.

11 1 C PO
11 1 P NP
11 1 t1 NC
10 1 N NC KO
10 1 NOT
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10 1 C EP NC
**GROUP 63 6.060 525.697

8 17.610 4.713 1 AD AQ NC
8 40.449 25.236 1 AT NC
8 9.003 .028 1 NC AQ
5 22.344 12.698 1 ON NP

*******
9 1 P AQ NC
9 1 N DT NC
9 1 A ON NC
8 1 P CC NP
8 1 o KO
7 1 N NC EP DN NC
6 1 P NC AQ
6 1 A
5 1 N AQ NC EP NC
5 1 R EP NC
4 1 D NC KO
4 1 C PE
4 1 N NC CC DN NC

**GROUP 84 5.006 1230.79
2 6.167 2.180 1 AD NP

*******
4 1 N NC CC IN NC
3 1 C AQ NC
3 1 N NC EP PE
3 1 N NC EP AD NC
.3 1 N NC EP IN NC
3 1 P AT NC
3 1 P NU NC
3 1 N EP NU NC
3 1 C EP NP
3 1 U AQ NC
3 1 o CC PD
3 1 A ON NC EP NP
2 1 Q AQ NC

**GROUP 39 5.290 208.508
**._••

2 1 N AC AQ NC
2 1 N AQ NC AQ
2 1 N NC CC DN NC AQ
2 1 T NC

··GROUP 8 7.809 .012
•••••••

2 1 PDT
2 1 P DT NC
2 1 P IN NC
2 1 N AC NC
2 1 N EP NC
2 1 C EP DN NC
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2 1 P AQ
2 1 D EP NP
2 1 o EP PO

·*GROUP 18 5.245 28.630
*-****

2 1 ELC
1 1 C NC AQ
1 1 C NC CC ACNC
1 1 o AQ NC 1<0
1 1 o NC AQ
1 1 Q NC EP NC
1 1 Q NC EP NP

. 1 1 Q NC BP INNC
1 1 Q Nt: CC ON NC
1 1 T

**GROUP 11 5.615 4.249
1 6.4S7 3.834 1 DN AC NC

*-**-
1 1 T AQ NC
1 1 C DN NC
1 1 N AQ NC EP NP
1 1 N NC EP PR

*·GROUP 4 5.270 .112
***-**

1 1 N NC BP PO
1 1 N NC BP OT NC
1 1 N PO 1<0
1 1 N PO EP NC
1 1 N PO ·EP NP
1 1 P AQ AO NC
1 1 P AQ NC AQ
1 1 PDNAQNC
1 1 P PR
1 1 N AO NC AQ
1 1 N AQ AQ AO NC
1 1 N AQ NC EP ON NC
1 1 N AO NC EP DN AO NC
1 1 N DT AQ NC
1 1 N DT EP NC
1 1 N DT 100 NC 100
1 1 NNCEPPR
1 1 NNCEPAONC
1 1 N NC EP IN NC'
1 1 N NC EP ON NC
1 1 N NC EP INNC AO
1 1 N NCEP IN 100 NC
1 1 N NC EP ON 10Q NC
1 1 NNCAQCCINNCAQ
1 1 CAQ AQ
1 1 CAQEPNP
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1 1
1 1
1 1

··GROUP ~9 5.006 '110.~75.......
1 1
1 1
1 1
1 1
1 1
1 1

··GROUP 6 1.015 19.807
1~4.9099 124.9099

SU5 5145 6409.6993

J)eqrees of: freedoll\ • ~1

Coisquare/d89rees ot freedom .. 305.2238
GrQQPs • 11

C CC NC
C EP PR
P CC NC

P CC PE
P EP NP
E CC PE
E CCDN 1'1C
A EP IN NC
R p;p AQ NC

Residual

When we use geom.tl'ic distributions in each group

of production rules. Grammar II aqain has a better fit than

Grammar I in relation to the highest frequency noun-phrase

types. "Ore generally. Grammar II has. with geOl1letric

parameters. a chiaquare sum of 6410 (~1 degrees 0; free(l.om)

compared to 7088 for Grammar I (35 deqrees of freedom).

The chiaquare sum for Grammar II is 1n large part due to
•

one group of noun-phrase types that contribute 2649 to the

chisquare. so the fit is better tMn it looks. Moreover.
,
the low reeidual of only 125 for Grall\lll&r II compared to

'1133 of Grilll\ll\ar' I indicates a t.iqhtel;:. more COnstrained
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In all of the tables we have ~ndicated not only the

chi-square for the fit of the language generated by the

gramm~r to the actual corpus. but we have also indicated

themagrii tude of chi-square divided by the number of net

degrees of freedom. We have used this method as a rough

and ready way of comparing the fit of different grammars

with different numbers of degrees of freedom. For example.

in the case of the geometric distribution we have 21

degrees of freedom rather than 11 1.nthe Case of the

general Grammar II. However. when we look at the ratio of

chi-square divided by degrees of freedom ,we see in spite of

the greater degrees of freedom without even loold.rig at a

table of siqnifican~e that, the fit of the general Grammar

II i8 better than the geometrically constrained grammar.

we 'emphasize that we are not aetjIally attaching a

statistical significance for the purpose of emphasis to

this ratio of chi-square to degrees of freedom. ,It is

inttcXluced for the purpose of easy. descriptiveCQlllp,arison.

Probabil1stic lexical diSambiguation. Grammar li.

As in the sase of Grammar I .we used probabilistic methods

to resolve the lexical ambiguity remaining1.n the corpus.

There were 16 types (233token8) that ~erereC09n1zedwith

leXical ambiguity by Grammar II. In Table 24 we give the

results of the probabilistic ·disambiguatign•. (Table 24 is

simil,ar to Table 13 in Section IV.)
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TABLE 24
Le~al 01sambiguation of Noun Phrases in Grammar II

Freq. AmbiquoU8 type Resolved type Probe

192 ON.PE PE .22
7 AC.NC NC .03
6 NC.PI NC .03
5 AO.PE PE .22
5 ON NC AQ.LC ON NC AQ .004
4 ON.PE OV.DT LC ON DT .0004
3 DN AC.NC ON NC .16
2 AQ.NC.KO NC.LC .AQ NC .01
2 QA ON AC.NC QA ON NC .0008
1 AQ.LC AQ NC AQ AQ NC .0003
1 CC ON.PE CC PE .0006
1 ON.PE LC PE LC .00008
1 DN.PE NC.LC ON NC .16
1 ON.PE NC.EP.LC ON NC .16
1 NU.AQ NC AQ NC. .01
1 PE.PO.AO PE .22

corpus.

Gramml\r II~ the sections ~ ~ noun-phrase

Table 25 shows the comparison of the noun-phrases

in the three sections of the noun-phrases that were used in

this study. (Section I 18 Se•• ions 1 through 3. II is 14

through 16. and III is 31 'through 33). We have applied the

push-down store model with a geometric parameter for each

'group of rules to each of the sections. Our original

intention was to look at the changes in the geometric

parameters over time as evidence of development. Because

the corpus itself does not show striking differences of a

systematic kind over the three sections. we have not found
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any st.riking developmental trends at the more abstract

level of the geometric parameters.

------TABLE 25

Section Comparison of Noun-Phrase Corpus

Section 1 Section 2 Seetion 3
Description Types Tokens Types Tokens Types TOkens

Tot~ 136 1629 126 1566 220 2351

Recocptized 103 1528 90 1475 133 2142

% Recognized 75.74 93.80 71.43 94.19 60.45 91.11

Ambiguous 84 667 81 429 150 710

% Ambiguous 61.76 40.95 64.29 27.39 68.18 30.20

Amb. recog. 67 629 55 392 97 615

% Amb. reeoq. 79.76 94.30 67.90 9'.38 64.67 86.62

Amb. re!lolved 60 597 50 330 86 476

Amb. reduced 5 9 2 2 6 10

Original 938 573 1118
ambiguity
factor

Parsed 881 498 846
ambiguity
factor

Reduced 38 62 141
ambiqu1ty
factor

Types after 75 67 89
consolidation

Types after 69 62 78
probabilistic
disambiguation
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The parameters and their predictions for the

frequency of use of each rule in each section are shown in

Table 26. The one thing to note is that the changes in the

parameters across the three sections are not monotonic. We

might. for example. expect for the more complex groups of

rules that the geometric parameter would decrease in size

because of the variety of rules used of a given type would

increase with time. or put more exactly. the frequency of

use would be more diverse. This is not the case for ~

number of groups of rules. as may be seen from the perusal

of Table 26.

TABLE 26

Section Comparison of Geometric Parameters

Label Observed Expected Rule

Section I (Sessions 1-3)

~1.1~ 1249 1055.8730 SN -) GN'
1.4 97 326.2475 SN -) NC

(1.10) 60 100.8052 SN -) EP NC
.(1.2) 51 31.1471 SN -) GN !l:P GN
(1.11) 49 9.6240 SN -> EP GN'
(1.3) 17 2.9736 SN -) GN CC GN
( 1.7) 5 1.3296 SN-) GN 1<0

Theta. .6910163

~ 2.1) 109 109.0000 GN -) GN'
2.2) 32 32.0000 GN -) NC
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Theta .. .7730497

P,11) 576 521.7718 (;N' -) 0 Ne
3,10) 221 328,2780 GN· -) Np

(3,1) 211 206.5394 GN' -) pE
(3,2) 201 129.9463 (;N' -) PO
(3,6) 55 81.7570 GN' -) Np·
( 3,8) 45 51.4383 GN' -)D NP·
( 3,4) 37 32.3629 (;N' -) PI
(3,3) 34 20.3614 GN' -) Pit
( 3,9) 15 12.8106 (;N' -) D
( 3,7) 9 8.0599 GN' -) DN PO
(3,12 ) 3 13.6743 GN' -) D Np

Theta .. .3708399

(4,10) 598 564.3463 o -) AItT
(4,7) 23 65.9320 o -) ART POSTART
(4,4) 5 7.7028 o -) pOSTART
(4,8) 5 .8999 o -) pltEART ART
(4,9) 4 .1051 D -) AD
(4,11 ) 4 .0139 D -) PREAR'!'

Theta .. .8831711

(5,4) 510 510.0000 ART -) DN
(5,3) 116 116.0000 ART -) IN

Theta .. .8146965

(6,3) 25 25.0000 pOSTART -) OT
(6,1 ) 3 3.0000 pOSTART -) NUK

Theta ... .8928571

( 7,1) 3 3.0000 NUK -) AC

Theta .. 1.0000000

(8, 1 ~ 6 6.0000 PItEART -) QA
(8,2 3 3.0000 pREART -) <lR EP

Theta .. .6666667

(9,2) 79 81.8182 Np· -) ANI' N
~9,3) 20 14.8760 Np· -) N POSTADJP
9,1) 1 3.3058 NP· -) ADJP N POSTADJP

Theta .. .8181818
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(10,1) 80 80.0000 ADJP '->, AQ .
(10,2) 2 2.0000 ADJp -) ADJp AQ

Theta • .9756098

(11,1 ) 21 21.0000 . POSTADJP -> AQ
(11,2) 1 1.0000 POSTADJP -> POSTADJP AQ

Theta • .9545455

(12,1) 100 100.0000 lot -> NC

Theta • 1.0000000

Section II (Sessions 14-16)

( 1,1) 1280 1117.1012 SN -) GN"
(1,10) 93 271.0571 SN -) EP NC
(1,4) 31 65.7702 Slot -> NC
(1,11) 23 15.9587 SN -> EP GN"
(1,2) 20 3.8723 SN -> GN EP GN
(1,5) 10 .9396 SN -> CC GN
(1,7) 10 .2280 SN -> Gel KO
(1,3) 8 .0730 SN -> GN CCGN

Theta .. .7573567

(2,1) 59 59.0000 GN -> GN"
(2,2) 17 17.0000 GN -> NC

Theta .. .7763158

(3,1) 427 513.0590 GN" -> PE
(3,11 ) 320 319.7921 GN' -> 0 NC
(3,2) 318 199.3279 GN" -> PO
(3,10) 97 124.2420 GN' -> NP
(3,3) 87 77.4406 GN' -> PR
(3,4) 50 48.2691 GN' -> PI
(3,8) 44 30.0864 GN" -> 0 Np.
( 3,9) 10 18.7530 GN" -> 0

. (3,6~ 8 11.6888 GN" -> Np·
(3,7 1 19.3411 GN' -> ON PO

Theta • .3766953

(4,10) 304 281.6356 o -> ART
(4,9) 34 69.5537 0-> AO
(4,4) 22 17.1772 D -> POSTA~T

(4,7) . 12 4.2422 D - > ART POS.TART
(4,11) 2 1.3912 o -> PREART
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Theta. .753036,4

(5,4) 210 232.~27 ART -) DN
(5,3) 100 61. 87 ART-> IN
(5,2) 6 22.2586 ART -> AT

Theta .. .7345972

( 6,1) 22 22.0000 POSTART -> NOM
(6.3) 12 12.0000 Pool'ART - > DT

Theta '" .6470588

( '.1 ) 15 15.0000 NUN -> AC
f 7 .., \ 7 7.0000 NOM -> NU'" , ..... J

Theta • .6818182

(8,2) 2 2.0000 PREART -> QR EP

Theta • 1.0000000

(9,2) 41 42.0952 Np· -> ADJP N
(9,3) 10 8.0181 NP* - > N POS'l'ADJP
(9,1 ) 1 1.8866 NP* -) ADJP N POSTADJP

Theta. .8095238

( 10,1) 42 42.0000 ADJP -) AQ

Theta '" 1.0000000

(11,1) 11 11.0000 POSTADJP -) AQ

Theta • 1.0000000

(12.1) 50 50.0000 N -> NC
(12.2) 2 2.0000 N -> NP

Theta .. .9615385

Section III (Sessions 31-33)

(1.1 903 1691.4686 fiN -> GN'
(1 t, 91 355.7702 SN -) EP NC.,,,' )

(1.2) 57 74.8299 SN -> GN EPGN
(1,4) 40 15.7391 SN -> NC
(1,11 ) 30 3.3104 SN -) EP GN'
(1.7) 9 .6963 SN -> GN KO
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(1,5) 6 .1465 SN -> CC GN
(1,3) 4 .0308 SN -) GN CC GN
(1,9) 2 .0082 SN -) GN LC

Theta = .7896679

(2,1) 113 113.0000 GN -) GN'
(2,2) 26 26.0000 GN -) NC

Theta .. .8129496

( 3,1 ) 803 824.5376 GN' -) PE

P,11) 513 492.2491 GN' ->D Ne
3,2) 343 293.8728 GN' -) PD

(3,3) 120 175.4421 GN' -) PR
( 3,8) 76 104.7390 GN' -> D NP*
( 3,4) 71 62.5292 GN' -> PI
(3,10) 70 37.3299 GN' -> NP
(3,9) 26 22.2860 GN' -) D
( 3,6) 15 13.3047 GN' -) NP*
(3,7) 5 7.9429 GN' -> DN PO
(3,12) 4 11.7666 GN' -) D NP

Theta .. .4029998

(4,10) 543 477.1134 D -) ART
(4,4) 24 109.3635 D -) POSTART
(4,7) 19 25.0682 D -) ART POSTART
(4,9) 19 5.7461 D -) AD
(4,8) 7 1.3171 D -) PREART ART
(4 p 11) 7 .3917 D -) PREART

Theta .. .7707809

(5,4) 331 396.2553 ART -)DN
(5,3) 231 120.3006 ART -) IN
(5,2) 7 52.4442 ART -) AT

Theta .. .6964065

(6,1) 24 24.0000 POSTART -) NUM
(6,3) 19 19.0000 POSTART -) DT

Theta .. .5581395

(7 p 2J 13 13.0000 NUM -) NU
(7,1 11 11.0000 NUM -) AC

Theta .. .5416667
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(8,1) 13 13.0000 PREART ..;.> OA
(8,2) 1 1.0000 PREART -) QR EP

Theta • .9285714

(9.2) 64 67.8644 1'1P* -> ~DJP 1'1
(9,3) 24 17.2537 NP* -> 1'1 POSTADJP
(9.1 ) 3 5.8819 1'1P* -> ADJP 1'1 POSTAnJP

Theta • .7457627

(10.1) 67 67.0000 ADJP -> AQ
(10.2) 3 3.0000 ADJP -> ADJPAQ,

Theta.• .9571429

(11.1) 27 27.0000 PQSTADJP -> AQ

Theta = 1.0000000

(12.1 ) 91 91.0000 1'1 -) 1'1C

Theta • 1.0000000

Given this ab8e~se of developmental trends 1n

increasing complexity of noun phrases, and given the fact

that the corpus spans what is an important developmental

eriod in Philippe's speech. namely. the period running

from 25 llIonths to 39 IDOnths, it is natural to ask if there

are any clear evidences of developmental trends in the

corpus.

We conclude by eXhibiting the statistic used

extensively by R0ger Brown and others. namely, the mean

length of utterance. In Table 27 the llIean length of

utterance and the standard deviation. as well as the
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variance and the mode of the distribution,are shown for

each hour of the 33 reeording sessions. It is clear from

this table that over the year and a half of the sessions

there is a clear developmental trend in the mean length of

utterances. As would be expected from sampling

eonsiderations, there is not a monotonic increase in the

mean length of utterance across the 33 sessions, but the

qeneral trend is clear. This trend is toward increasing

length of utterances. In order not to confuse this table

with the many tables presented on noun phrases, it should

be explicitly noted that the table for mean length of

utterance deals with the entire length of utterance and not

with the length of noun phrases. Given th~ lack of any

developmental trends in the grammar of noun phrases, it is

unlikely that a full utterance grammar will present any

startling developmental trends, especially as we deal with

the verb-phrase constructions. We plan to turn to these

matters in the seeond report on the eorpus of Philippe's

speech.
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TABLE 27

Utterance Length for 33 Sessions

Session Mean St.Dev. Variance MOde No. of utterances

1 3.12 1.59 2.52 2 418
2 3.09 1.77 3.13 2 488
3 3.49 1.92· 3.6 2 493
4 3.24 1.70 2.8 3 639
5 2.91 1.76 3.0 1 311
6 3.16 2.39 5.7 3 472
7 3.62 1.83 3.3 3 357
8 3.36 1.98 3.9 2 206
9 3.24 1.78 3.1 3 421

10 3.05 1.88 3.53 1 415
11 3.76 2.45 6.00 1 479
12 3.52 2.26 5.13 1 463
13 4.07 2.34 5.46 1 416
14 4.11 2.46 6.05 4 311
15 3.30 2.21 4.90 1 436
16 3.76 2.39 5.70 1 486
17 3.60 2.47 6.09 1 351
18 4.08 2.61 6.81 1 306
19 3.35 2.50 6.26 1 345
20 3.55 2.44 5.94 1 480
21 3.69 2.61 6.79 1 443
22 3.84 2.87 8.22 1 314
23 3.03 2.45 6.01 1 361
24 4.22 3.04 9.25 1 399
25 3.89 3.02 9.11 1 452
26 4.85 3.99 15.90 1 505
27 4.44 3.17 10.03 1 416
28 4.43 3.46 11.99 1 546
29 3.95 2.93 8.60 1 469
30 5.49 3.41 11.62 1 704
31 4.53 3.31 10.95 1 513
32 5.01 3.55 12.60 1 550
33 4.61 3.53 12.47 1 450
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APPENDIX A

Analysis of Utterance Length.

There were 13,719 ut.terances in the 33 hours of the

Philippe corpus. The length of an utterance is t.he number
- -

of words in it., using the definit.ion of a word as in our

dictionaries. under thie definition, the mean utterance

length is 3.86, and the mode length 18 1. There were 3318

ut.t.erances with length 1. The longest. length in the

distribution was 30, and t.here were 2 ut.terances with this

length. The entire distribution of ut.terance lengths is

given in Table 28. The variance of this distribution is

7.40 (standard deviation 2.72). Pearson's Skew statistic

1s 1.05.

As 1n Smith (1972), we attempted to fit the

distribution of the lengths of utterances to one of several

models, using simple distributions. The distributions used

are the geometric (Table 29). the Poisson (Table 30), and

the negative binomial (Table 31). As in previous works,

the best results are obtained with the negative binomial.

where t.he chi-square sum i8 883 with 17 deqr~es of freedom.

The geometric is second best.. with a chi-square sum of 1221

with 23 degrees of freedom. The Poisson distribution has a

chi-square SUlll of 24,386 wit.h 10 degrees of freedom.
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TABLE 28

Distr1but1on of Utterance LC'l'ilths 1n Ph111ppe. Hours 1 to 33

Length Frequency Sum over lengths
-----------------

1
2
3
4
5
6
7
8
9

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30

3318
1764
1941
1857
1704
1125

734
493
292
188
124

53
38
26
18
15

6
4
4
3
2
3
o
2
1
1
o
1
o
2

3318
5082
7023
8880

10584
11709
12443
12936
13228
13416
13540
13593
13631
13657
13675
13690
13696
13700
13704
13707
13709
13712
13712
13714
13715
13716
13716
13717
13717
13719
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TABLE 29

Geometric Distribution Fit for Philippe Utterances, Rours 1-33

LENGTR X PREQ X TREOR.FREQ X TREOR.PROB CHI2- - •• -------
1 3318 3555.85 .26 15.91
2 1764 2634.20 .19 287.47
3 1941 1951.44 .14 .06
4 1857 1445.64 .11 117.05
5 1704 1070.94 .08 374.21
6 1125 793.37 .06 138.63
7 734 587.73 .04 36.40
8 493 435.40 .03 7.62
9 292 322.55 .02 2.89

10 188 238.94 .02 10.86
11 124 177.01 .01 15.88
12 53 131.13 .01 46.55
13 38 97.14 .01 36.01
14 26 71.96 .01 29.36
15 18 53.31 .00 23.39
16 15 39.49 .00 15.19
17 6 29.26 • ClO 18.49
18 4 21.67 .00 14.41
19 4 16.06 .00 9.05
20 3 11.89 .00 6.65
21 2 8.81 .00 5.27
22 3 6.53 .00 1.91
23 0 4.84 .00
24 2 3.58 .00 4.89
25 1 2.65 .00
26 1 1.97 .00
27 0 1.46 .00 2.73
28 1 1.08 .00
29 0 .80 .00
30 2 .59 .00 .11

Geometric distribution parameter = .26
Sum of theoretical probabilities = 1.00
Chi-square sum • 1221.00
DElC1rees of freedom • 23
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TABLE 30
Poisson Distribution Fit for Ph1lippe Utterances, Hours 1-33

VALUES ARE SHIFTED SO TKAT LENGTH 1 IS COUNTED AS 0
FOR TKE DISTRIBUTION

LENGTK X FREQ X THEOR.FREQ X THEOR.PROB CHI2-- -----
1 3318 787.12 .06 8137.66
2 1764 2249.72 .16 . 104.87
3 1941 3215.02 .23 504.86
4 1857 3063.00 .22 474.84
5 1704 2188.63 .16 107.31
6 1125 1251.09 .09 12.71
7 734 595.97 .04 31.97
8 493 243.34 .02 256•.15
9 292 86.94 .01 483.69

10 188 27.61 .00 931.78
11 124 7.89 .00 1708.43
12 53 2.05 .00
13 38 .49 .00
14 26 .11 .00
15 18 .02 .00
16 15 .00 .00
17 6 .00 .00
18 4 .00 .00
19 4 .00 .00
20 3 .00 .00
21 2 .00 .00
22 3 .00 .00
23 0 .00 .00
24 2 .00 .00
25 1 .00 .00
26 1 .00 .00
27 0 .00 .00
28 1 .00 .00

_29 0 .00 .00
30 2 .00 .00 11631.34

Poisson distribution parameter • 2.86
Sum of theoretieal probabilities. 1.00
Chi-square sum • 24385.62
Degrees of freedom •. 10
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TABLE 31

Negative-Binomial Distribution Fit for Philippe Utterances

Hours 1-33

PARAMETERS ARE P ... .39 • R • 1.80

DISTRIBUTION IS STARTED AT X-1. AND VALUES ARE SHIFTED.

LENGTH X FREQ x THEOR.FREQ x THEOR.PROB CRI2
----------------..---------

1 3318 2478.29 .18
2 1764 2736.35 .20
3 1941 2350.27 .17
4 1857 1826.56 .13
5 1704 1344.90 .10
6 1125 957.27 .07
7 734 665.72 .05
8 493 455.19 .03
9 292 307.25 .02

10 188 205.30 .01
11 124 136.06 .01
12 53 89.56 .01
13 38 58.63 .00
14 26 38.19 .00
15 18 24.77 .00
16 15 16.01 .00
17 6 10.32 .00
18 4 6.63 .00
19 4 4.25 .00
20 3 2.72 .00
21 2 1.73 .00
22 3 1.10 .00
23 0 .70 .00
24 2 .45 .00
25 1 .28 .00
26 1 .18 .00
27 0 .11 .00
28 1 .07 .00
29 0 .05 .00
30 2 .03 .00

Negative binomial distribution parameters:
p •• 39' r ... 1.80

Sum of theoretical probabilities ... 1.00
Chi-square sum ~ 882.64
Degrees of freedom • 17

284.52
345.52
71.27

.51
95.88
29.39
7.00
3.14

.76
1.46
1.07

14.93
7.26
3.89
1.85

.06
1.81
1.04

.00

11.29
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APPENDIX B

Analysis of Noun-phrase Lenqth

There were 5508 noun.phrases in the 9 sessions that

were examined in this report. This excluded nOUn phrases

that were in part unintell1qitble. The mean lenqth of

these noun-phrases was 1.61, !lPd the mode was 1. The

variance was .85, standard deviat1on.92, and Pearson's

skew statistic was .67.

Table 32 qivesthe distribution of the noun-phrase

lenqths. Table 33 qives the fit of the qeometric

distribution to the empirical distribution, Table 34 the

fit of the POisson, and Table 35 the fit of the neqative

binClllial.
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TABLE 32

Distribution of Noun-phrase Length in Noun-phrase Corpus

Length Frequency Cumulative frequency-----_._--------------------
1
2
3
4
5
6
7
8
9

10

3137
1771

364
117

87
19
7
3
1
2

3137
4908
5272
5389
5476
5495
5502
5505
5506
5508
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TABLE 33
Geometr.ie Distribution Fit for Phil1ppe ~oun Phrases

LENGTH X FREOX TaBOR.PREO X THEOR.PROB CHI2
------------------------~---~---

1
2
3
4
5
6
7
8
9

10

3137
1771

364
117
87
19

7
3
1
2

3412.61
1298.25
493.89
187.89
71.48
27.19
10.34

3.94
1.50

.57

.62

.24

.09

.03

.01

.00

.00

.00

.00

.00

22.26
172.15

34.16
26.75
3.37
2.47
1.08

Geometric d.istribution parameter •
Residual theoretical frequency •
Sum of theoretical probabilities •
Chi-square sum = 266.55
Deqrees of freedom = 7

• 62
.35
1.00
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TABLE 34

PoiSSOD Distribution Fit for Philippe NOUn Phrases

VALUES ARE SHIFTED SO THAT LENGTH 1 IS COUNTED AS
o FOR THE DISTRIBUTION

LENGTH X FREO X THEOR.FREQ X TREOR.PROB X CHI2_._---------------------------
1
2
3
4
5
6
7
8
9

10

3137
1771

364
117

87
19

7
3
1
2

2980.78
1830.25
.561.90
115.01

17.65
2.17

.22

.02

.00

.00

.54

.33

.10

.02

.00

.00

.00

.00

.00

.00

8.19
1.92

69.70
.03

272.40

363.16

Poissoo distributi.on parameter = .61
Residual theoretical frequency • .00
Sum of theoretical probabilities. 1.00
Chi-square sum = 715.40
Deqrees of freedom. 4
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TABLE 35

Negative-Binomial Distribution Fit for Philippe Noun Phrases

PARAMETERS ARE P a .72, R • 1.58

LENGTH X FREQ X THEOR.FREQ X THEOR.PROB CHI2
-----------------------------------

1 3137 3278.61 .60 6.12
2 1771 1450.01 .26 71.06
3 364 .523.44 .10 48.57
4 117 174.78 .03 19.10
5 87 55.99 .01 17.17
6 19 17.48 .00 .13
7 7 5.36 .00 .50
8 3 1.62 .00
9 1 .49 .00

10 2 .15 .00 6.20

Neqative binomial distribution parameters
p •• 72 r a 1.58

Residual theoretical frequency. .06
Sum of theoretical probabilities. 1.00
Chi-square sum a 168.91
Degrees of freedom • 5





391 en
374 tu
366 fait
358 j
348 qui
345 y
334 quoi
333 ai
326 oh
311 veux
308 petit
307 sur
297 du
294 avec
287 va
217 papa
272 fair.
270 voiture
262 vais
260 est-ee ou'
233 moique
212 eneore
209 reqarde
204 ee madeleine maman
199 tout
192 . sais
189 petite
178 mettre,17 auss!
175 l1s
174 s voila'
169 pourquol
166 comme
161 celui-la'
160 deux
159 plus
156 ah
153 tais
152 t
148 autre faut
143 monsieur
141 camion dedans
137 si
123 eau
120 comment
117 sont
115 as
114 cette mon
1 f 1 lila180n
110 paree train

123
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APPENDIX C

Vocabulary of Philippe

Table 36 gives, in rank order, the words used by

Philippe during the 33 sessions and their frequencies.

When several words have the same frequency, the frequency

is displayed only once, and the words are put together on

the line with the frequency and on succeeding lines, if

necessary. Table 37 gives the words in alphabetical order.

TABLE 36
Rank Ordering of the Vocabulary of Philippe

2316 est
1641 le
1531 c
1457 la
1370 &oWe
1351 oui
1164 je
1137 non
1100 c*a
1079 \In
1060 pas
1012 11
964 a"
871 la'
860 de
777 les
771 une
653 des
639 elle
619 1
520 on
505 dans
468 a'
452 et
445 pour
444 qu
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109 eh
106 mais
105 philippe
102 voir
101 ben
98 au
97 chez se
96 bien
95 choco1at
92 bateau
91 me
90 petits
89gros mamie
88 vois
85 moto ton voitures
84 par
83 te
82 casse' manger
79 tini
78 d
77 e'co1e
76 m
75 ciqarette teu
74 toi
73 rouqe
72 t(lll\be'
71 tume'e
68 croissant ma met mets
67 beaucoup peu son
66 mis
65 caca
63 qinette sa
62 chercher
61 montre
60 boum mal quand
58 ces
57 main marche
56 cel1e-1a' musique tiens
55 puis

.54 maintenant suis table

. 53 en1ever rou1e
52 qrosse porte trop veut
51 avait crayon e11es roues tous
50 a11er terre tre's
49 livre seu1 suere ta
48 chien ti11e
47 bout noir vas
46 me'me
45 peut
44 attends plein
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cuil1e'r~ vu
apre's rien trois
ont tourne
e'tait lui misette" tomber
bouton enle've monte
boi'te boire crayons loup marc petites trou
bleu broum dame qarc*ClI1 mange' roue sac
manqe souris toboggan vert
dessus hop tracteur
aux chaud dit machlne peux
aujourd chose hUi
cafs' chat grand JOus jousr jouets yeux
dro'le enfants he lieopte'rs sous "tombe viens
appelle donne merei ses
aehete' briquet f$'crlt fleurllMure pan prendre
quelle quelque solell
avlon be' be' be' beau brosse co'te' dur llt papier
plpl to'te touts.
blanc croissants moteur neiqe rouler
oouleur dillque qens jauns perdu pled raquette
tout. triangle va-t verre
an1maux bouehe cllsse' e ehaille chapeau dehors.
devine dlre e'eris font qa'teaux hue la'-ball
l~'-dedans maisons ou ouvrir plai't"
arrive belle bon e'erire monter ncm queue
alors bruit carre' ehaussons fene'tre mai'treslle
moreeau peau tourner
bras e'chelle envers grande iei passe pris rqute
autres boulees lapinmane'qe ouvre parler prende
tailler tient tombso.
bois chambre chats clara euh la' -haut partie
pistolst rails rue sens seule vient vrai "
arbre boutons chaulBsur8s fermer fil lumie're ouais
tortue truc veolo
avant bateaux bonhomme casse choses connais coupe
croi. fleur gentil haut lune ne personne poillson
tire travailler vitre
aiqu1l1e aUe' bi'beron bol Cheval" de' ja' feullles
frold garage heinjoUGt malns montagne place talt
tour trous ventre voit
ai_ bellons bou cage ct'MllIIIins'e clef cuUleores
de'fait doeteur donner fabriqUe qirafe jardin
jOll1ane pain partlpe-igne pieds pre't sort sartir
trucs vaches "
balls cigarettes cochon enleve' lait magne'tophone
marcher me'tro,mouchoir mouton orange pelle .
peut-e'trs pont pot que1 8ie'qe vlte
a11ez attention bou1e boules bru'ler ciel de'de'
derrie're deBsous. e cureui1 gentille" he'
me'dlcament montrer navion nuit peur poissons
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portss poule poumandarinstte rentre rond rouges
singe stylo tiroir Vlmt volant vous

12 accrocher cherche cour doigt doigts donne'
s'couter ferme' ge'rard i langogne madams marron
miam mien nez partir ramasse rateau regarder
rantrer sable tableau tartine ts'le'phone waqon

11 appuie bonbons bu cache' caSIlI!ll1." chaque che'vre
collier con coup course couteau dents d1fficile
fauteuil qronomme joue' jour leur leurs locOlllotive
malade marteau rna'chant michel monte' n nan parle
presque re'parer sags tambour trains tut

10 accident acheter arrive' assooir avais baisss bas
be'te bonne canard cendrier chal'ne cine'ma
confiture droit ferms ficelle qare gauche qris
he'lice joli langue livres long-temps lunettes
miettes monde moutons myriam ours pascal poubelle
poupou prend ranger renard rou sert souviens tas
vieux vole

9 ai'e allumette arne'ne hague ballon hesoin boi'tes
bouts cache Caravane eelui ceux-la' chauBson colle
cou couper cours culotte de' de'fairs dis envole
faisait fo1s front gs'teau gomme grosses guitare
idiot jambes Jeter la'-deslluB la1sse' lancer
lequel lire long mer ouvert photo photos i'ipe
pOChe puzzle remorque roum sucres taureau
te'le'vision tes touche travers trouve' vis vont

8 accroche ache'te allumer attrape halaie
be'tonneuse bouloqne chasser eh1ens coffre
conduire content cuiller dames dessine dessins
doit farine f@ne'tres fou gant garcltons genoux
grue histeire ids'a jaunes journal loin lourd
manque marco mauvais me' cUcaments o:!.seaux orsay
pantalon papillaR pauvre plantes porter poupe'e
promenar quatre remasser rs'pare' remettre reste
roqalski ronds rose salon serpent tlqe toujoura
traces travail ventilateur verte violet
voitur_la'

7 allumettes arbres attraper au-revoir ba'ton boirat
bols bru'le' bullae cet cheveux c11e eonduiteur
dessin dassine' disques donne-moifourchette halle
herbe l:!.moges lOSlUIgEl lumie'rEils manteau mienne
monsieurs moteurs oisGau oreilles ouah oublie' ouh
outils ·ouvertes panter passer piano pique pleure'
pneu folice pompier poussie're rester restes roses
roule saute sorti tigre tonnerre trottoir ve'los
vins zut
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6 accroehe' alle's animal annulaire appareil
aristochats armoire arre'te errs'ter attendre
balaibattrebelles benne beuh blancs bleus boBse
bru'le bru'le'e cache-cache casque casserole
cochonscorbel11e eourt eouvercle culsine da
dangereux de'fals dart enfant escaller fal111
fiqure froide fume garde qroseilles h heures janou
j flU jolle jure jus itangourou le' gos 1101'1 loups
_rine IIlI!lrtine me' tal merde mes miero mieux
mOitie' monsieur-la' morceaux mouille'e ceuf
oreille oui'e page peplere pardon pareil partout
peign~r plquer pleneher plusieurs pol pointe pomme
porte' porte-monnaie prome'ne quelqu raeheter
range refaire refais remets retrouve' sait'sans
sequin serviette soye tabouret temps tirer tousse
travaille trouve venir veulent vienne vilalne vin
v:U:res

5 abet-jour aceroehes allume amener amusant apporter
araigne' e, IIlsll!let.te ass:!.s i!itt.lll<Juer au-dessus avlons
banquette bate be'ne'dicte ba t1ee blseot.te
blanehes bleues bol'te-la' bouteilles cacher
cadeau camions car carrelage eha'teau chante
chauffe-eau cl~sse,elef8 c~er coin colorler
con~uit COUChlll de ch1re de chirer demander
demi-soleil descend~e descends devant devient
dlseutent draveau dro'les e'coute Ill'glise
e'le'phants e ponge e'tais ennuis envoie essuyer
81.1 talises filles fourrure gre've he'risl!Ionhi ,
lalne lampe lave laver leve'e luge magasin mlette
minou montres aeufs ouverte ouvres panneau parfois
partpattes pauvres pluie possible pousse re'pare
reeonnllli't rG9arde' requdez renue retourne '
retourner rev14i1nt riqolo robe ronde salir I!h!laU
sent ser~e seulement soutfler aoureils tabe'
talle' tapis tlmbale tombent toEd tourne-vls
tou8ser tuyau use'rvaehe valise valises ve'tement
verrell vraie wagons zorro

a one ac:croehe' e aimilnt ajourabe alle' ea allemagne
area-en-eiel arre'tez-vous assieds aura auras
autos band. barrea beQte-la' beu billell blscottes
bltonniau blanquette bobo bolle' bout.eille
bouton-la' brouette cabines eabriolecaChe-le
camian-la' easquette easse'Gs celle chemise chevau
chevaux einq clair eoqne' corde couverture
eroi••'. croi~ crou'tedebout demi-rond dormir
drapeaux drolte e'craser .'le·phant e'lectropbone

, ennuie ensemble env!e envoysr eaaale essay. eux
fessEloe filet fle'ehe fOl'ldu fortfous frigidaire
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fromage furner gag glisse'gliBser 'gourmand qoutte
hexagone hier ~et huit importe jumelles laiese
lapins lavabo le go leu lions lis machines
magne'ophone IIllAlheur malo masque _tin me'canique
mets-le mickey montbrun montparnasse montra-moi
motos moudre moulin moyen mum mur musiques
myrtilles nenfant nettoie nicole noire noirs nu
nus panne papillons paquet passage pensee-tu peuh
philou pistolets plouf pompiers poules poum
pourrais pouBsie'res proble'mes pu puisque
puzzle-la' re'veil recasse' regardent rentre'e
renverse' rhabiller rit robot rocher roulent sales
salete's salit,eamedi scie IlcoC1'l se~che skis
soigne suite syndlcat tableaux taille tape tase
te'le'phe'rique tlen tienne toboggans toucher
tracteurs tuer ve'tements venu Vide vlder vieille
vilain voudrais voulez vraies zoo

3 achete's ailleurs alle'e allo amuse anqleterre
antennes appellent appelles appuies asseoit
attache attacher aurait autour bab babar baquette
bain balane*oire balancer bandes bates be'tises
beurre bigoudis blanche bleue bonjourbottes
bouchon boudie bougie bracelet brou bulle cadeaux
canards canne caravanes carnet cartable casse's
ce' chameau cham~iqnon chanson chaperon charriots
che'vres ehamine 8S eirage cire' clown clowns
eoincent colique commerce complique' eompresseur
cor courir cravats creux crip crochet crocodile
croyais CYepte danielle de'bouche' de' jeuner
de'moli de monte' de'montes de's de'sole' demain
demande dernier descend dessinar dimanche disent
dommaga dos drabon dure e'teindre e'teins e'toiles
e'tonne e'tre eiffel ambouteillaqe emme'ne emmener
emporte's endroft enleve's escalou essayer est-c*a
expliquer expre s faite fe'te film fin finir finis
fleur-la' fruits gages qalipstte qaloper garder
gars'es garer qenou glace glaces glisse' gorge
grands habille habille' habite hamster hum
isabelle jeanine jette jouerait judo lacsts
laquelle le' le'va lourde malson-la' malades
manges marque' masou me'me're menteur meubles
miaou microbes mle' migrec mireille mise'rtcordes
morde mordes mort morts mouchelette mouehes
mouille' nager nettoyer neuf noiraud nous ombre pa
par-dessus parc parents parking pars partent
passe' patin patrick pe'tales pe1nture perdre
phare pie'ce pinceau piqu're pis piate plafond
plaqe plastique plateau pleura pleut plier ~neus

poltron porquarolles pose poser pouce poupe es
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sale sal' 8&ute' @elllbl®nt I!ler~ ~:I.~ne· sollde
lIIouffl<lilU $OUp<ll $tYl©1il tache· tape t.e't..l1ls teM.%'
tlro1rl!l toilette tOnne toMeau tort:l.ll@ touche'
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travaillent tEav&:l.lle~ tr:l.an91es trOlllpette troup
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CrOCroero eroq crequeI' erotte cube dada
d.'bmrboul11er de"but dlll·chire· de·fals-le
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_porte _~e I'l.'\ll!l Wl!li!l Iill'l1lWWe· @ l1II'ItAlmd &It._dB
_tier Gnv@llil'lll mVOYIil" lili!ltlJltl.'lJlBtll ~illlt.lil fllbr1qW!l'
fabr1~u.r fa1m faillllJl:Llilnt. fatiqllllil fauehe fau~
fGrmB e flil~lllnt flillll!lllillil flu"1:;® flu'tetll fcurnealll
fourreau foutre frondlil frot.tlilr f~!IIil fUlIlila q89fter
que' 91let €JnM'! 9'ou' t 9'lrlJl,nd_@e i'@l ;Zll:'llliMlI@s
greiDcullb qri!!1ljplillZ' qlllilml<lJl ~i@.ems SU:l.glillii ho'tel
1llIaqe indleninst©lllil inliltalllillr jWlil!litll jambe
jMIQ"'lII1ehlil1 jilm~b' .jt!lUlii' jeuh jU~lllklmxoo
lalese-eoi llJlnclll'lil lilmllilu l@'\l'e" liM'! 11se longue
lotttdlll lUlifill'lbom'9!'@.illeh1n i!laeh1n<ll-1i&'~~if1que
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mal~s manqeaient man~ent manlfestation manque"
mapa marchand march. mar10ulette marionnettes
marrant mathalle me"la me mes menton messleurs
meuh michambe mlqre ml1ieu minouche mlthalle
montreral montsourls moque mordu moto-la" mots
mouche moulineawe naqe nanou narbre nautres no"tre
noie nours nouveau nouvelle nuaqe nue ocarine 0811
offre otltes oubllais ouvr.-mol ovale pa7es pam
paquets faraplule parties partira. passe e patlna
patte pe se pense" perd peuvant plerre. piquants
planques plat plate. plelne pleurer plume pof
pold. polnts polntu polre portent postale pouf
pourralt pousser poussln pousslns pouze pre"pare
prendalt pull-over quille qullles raccourc1e
radlateur raisln raser ratl rats re"fle"chl.
re"qaler realle"s redorme reenle"vs refroldlsse
remls remonterremue rands renveraer reste"
retombe" retourer reviendra revlens rhlnoce"ros
rlvle"re ro rocher. rondes roues-lao roulettes
rouououoUOI1 samedle" 8U10111 sante" saUVE savolr
savon se"que" secoue semaine seralt servlr sleste
slx skl solf semmel1 sors sorte sortle sortlra sou
souffle suftlt surtout tache". tal11e-crayon tant
tasse tata taxi te"le"phoner te"le'visions teau
ter tlennent tlre" tlre-bouchon tirellre tlssus
toffe tonneawe tordue tournent .towe tral"ne"
tralre tramway tremper trlches trlste trompe
trompe" trucs-la" tue vacances veau vand ver vle
vleille. viandront vl11e vol voisin voulals voulu
vrals vroum zailes zolseau

1 abi"me"e abrlcure accompaqne"e accorde"on aChete"e
aChete"es .."rogare aqne"s agrafe &grafe"s aqrafer
aldes ale"e alqle alqul11e-la" al1es al11ent alnsl
alou alles alllqator allons allum.·e ambulances
aml amls amour &rouser ancien anqlals antenne
aoul11 ape'rltlf appele" apporte" apports's
apprandre appuyant. are-en-clel arranqer arre"tent
arre"tera arrlver arrlveront arr08er assleds-tol
.asslettes attache" attaque"e attendais attende
attrapalt attrape-le auront aut.o-la" autobus
autocars autoroute avala avancer aVls aye ayent ba
bababababa babl baboum baqnole baquette-la" bah
balgne"' balqner baille balser balsse" e balsser
balals balance balaye"es baloon balles ballon-la"
bambl banes barreau barreaux barres-la' bas81n bat
bateau-laO batter bave be'be's be'e' be"ta
be"tes-la" be"toleu be"toleuse be'ton bee beleu
blblblbibobodidabe blblbobablbi blblbObollne
blblbobolune blento"t blablablabla blesse' blonds
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boh bo1vent bol-la' bomb. 'bcuboubou bouche·.
boucher1e bouh bou111ant. bouloum boulu 1:IOuawl.
bou••• bout.111e-la· boutone-la' bout.-la·
bracelet. branche. brOS••1II bruit-laO brun mu-MU
burode c:* ca·U.ner caban. cabinet cacahue·te. cae.
cacherae cache. caqe8 caMeI' cra:U10llx cal...
clllllpagne CIIII\p&CJIlo. camp1~ car..••• carn.aaler
carna••iers carro'. carreau carte. ca.quettes ••
ca•••role. c••tor co·c.·. celle. cell••-la· C8ft4re
corf ceri•• eervelle ehaleureux chai'lll1:lr:e-la'
chandelle chanson. chute' Chantent chanter
chap":u-la' che... cha•••• cha••eur chatOlll11.
chaude chaud. chauffer chau...tt.e. ~he che'vl'e-la'
chercha1s chercheral cherchons cheveu -chichi.
chien-la' chinoi. cbcnchen choftchon. chose-lao
chou chOllette Cigar.. cil'lI c:laqu. clOllte'
co'te'-la' eodile «;'OCJ.' CCCJnae cogn.· e coince'
colle'e collier-l.· colorlage. cQmpote confitu&'••
connai••ai. con.truire contente copains c:oqueluehe
coquillage. cord.. cornicbcn couche' e cOllchel'
eOud. coUlSr. cOllle' cooler couloir coupe'. COIlpo".
eoupent. coupe. couraiot COllru COIltelilUX Couveru
cowr. crale cl'e'me cre'p Cl'e'po8 creux-la' CI'••­
CI' UI' Cl'O crochets cro:l. ero:l. ••• crole erooooh
CrOqlUI' crou' te-la' eu:t.lle· I'e-la' willer-lao
wire w:l.••• cu:l.•••• dame-la' dan.ent
de·barbou:l.lle d.' coller de' coupe' de' creche'
4e·fa:l..-moi de'falts d.·gr:l.ngol.· 4.·molira
d.·mont.r de·pa••• de·pe••ent de'f!'Che 48·ral11.
d.·.habille. de·.habill.· de'tache e de·vi••• dent
dentifrice depui. descende d••eendu d.ae.adue
4•••in-la· d•••lne·. dev&18 dieu dira. disputen'
dixdix-n8llf dodo doiv.nt domdCllllldca4om donalillt
donn.· •• donn_l. dor.' dOl'lDillnt dormi dOllz. dr~
dl'o'ltllll8nt drol .·c .·c1&bou••••·clalr .·COllte .
• ·cout•••·cout8llr .·crOll e'd:l.clllllentB e·.·h
e·la.Uqu. e·la.tlqu.. e·leetrlque. .' poUV'aJIIll taU
.·tal.ni! .·temin...·t.int e·tudlant. eaua-la'
ed.l".l.. efface' ele'phant ombe'unt _be·t.
_porte' _porter _dort enfant.-la· enf8&'!MI
_f.X'IIl8· enlevaJllllt _reqi..tre entiers entre
env01e-le~e.-~u••caliers ••COulOll eape'co
e••~a:l.t e.aule eue ex:l.ste· explique faboul11••
fae*onfac. facteur facture fais-le fals-mol
fal.al.fal.ant faite. famille-la' fan fanfare
fa.cine· fa... fatiqant fatiCjUe' faucille
faut8llil. fauxf.ral f.rait fermai. ferme·.
f ....••• festatioa feu-lao feuill. f.ux
fieell_la' f1fl11e fill_lao fl1s·fl...e flic
fllp flotte foi. fOievelllil fond fome fragUe
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franc*ois fre're freinefrein_' froisse' fuirait
tumes tuniculaire tuse'e ga ga'teau-la' gagne'
gants garage-la' garc*on-la' gaz ge'nait ge'nant
ge'ne genre gentile gentiment glace'e gne' gomment
goulue gourmande gouttes grain grains gratte
grenouillee 1riffes grille grlmpe grog gronde'
grossl gruye re que'ri gue'rie guldons-la' gul1ls
gu¥ gyroscope habl11er habitent hache
he llcopte'res helena hibous hlppocampe roup house
huma hyppollte laa ldiots index 10n ira irait iras
janoucha japonalse jean-paul jet jete~ jetons
jettent jetterai joualent jouais jouent jouera
joueral journe'e juste !tira knlckers kola la'r
labo lald lalds lalsse'e lalsse'es'lalsser la18s8s
lala lance lave' le'cher le've-tol lettre lettres
lever li 11lalalala 1111 1111ane 101ne 1010 longs
loze're luges lunette lunettes-l.' magasln-la'
mal'tresses majeur mama mamaman man mange'-cale
mange-cale mangealt mangeralent manl manou
manqualt ~anquer manteau-la' marchent
marcominouche marl marlanne marmotte marraine
marrons marseille masque-lA' lDe'chants me'got
me'me'ma'seU me'seu mesdames mets-lesmettant
mette mettes mettra mettral meubleme~eu miens
mimi mimimorlre mlnet mise mitalie mobi mobills
moche moches modeur mollets moment monse montagnes
montaient montbrln monte's montent montes
montre-lll monument morceau-la' morte mot
moteur-la' mouche' mouchelettes mouds RIOuflon
mouille's mouiller moules moulins moulu moustache
moustaches mur-la' murs muse' muse'se'se'
muse'se'se'seau muse'se'seau muse'seau lDuseau
musicien na nageoires nallumettes nanimals navions
nettoye' neus neuse n1 nid noe'l noiseau noix
normal noye' nulle nume'ros 0 oblige's obstlne
occupe oe11s 01gnons onun ope're' oreiller otite
oubl1e oubl1e' e ouf oule' ouverts ouvra1 pa' te ~af
paft fanneaux panpan panselDent papas papiers-la
parai t parfait paris parles partage partlra
part1s pastrou1'llarare pastroui'llare'
pastroulllai'ra pastroull1ai're' pastroUilles
pataboum pe pe'che pe'cheux pe'dale pelgnes peine
penche pendant penses perdue perroquet perroquets
personnes petit-de'jeuner phares pie'tons pierre
p1errot pigeon p1n plngouin pinocchl0 pique'
plquent placard plaf plaisantln planche plas plle
plot poehe-la'pochette pois pomp porte-moi
portie're pos_les pos1toire poubelles foulet
pourra pourront pouzlepre'au pre's pre te-lDoi
prende prochaine protondeur prote'ger publicite'
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puisqu pull quelles quals raconte raconter
racontes radio ~adotes raisins raison ramasse"e
rames rafpelle rapporte' ras rat rateaux rattrape
rattrape' reo re"chauffer re"fle'chit re'pare'e
re"ussi re"veille rec*u recacheras reeoller
reconnais reconstrui t reeoucher rect&n9Ulaire
reculotte rede'monter refaitre~rmer refermes
refroidi reqardes reqardons relaver releve' e
remeta-la remettez-les remmene' remplacer rentrera
rentreratt renverse' CUI renversent rertvoyer
repartie ressortir ressorts restaurant restent
resteras retrouve. retrouver retrQuvera ,.r~enue

~evoila" rire risquais riz robert robes robinet
robinets roehe rondelles roros saint-eloud sa11
salle salut sandal.s sang saperlipopette sapin
sautent sauter sauve savent SCania aciure se'chent
se'que"s saeand,seize sel sena-la' serai seront
servent serviette-lao serviettes shampooing
sifflet sinqes sinon sire"ne sirop so sOiqner
soiqnera soiqnerait soir sonne' sophie sortant
sortirai souffe soule"ve souleve' sourires souvent
soyent spirou statue su sucre" super suppositoire
~fpositoires surprise symbolique tache taintain
te ion te'l.'phone' temps-la'tenait tente-la'
the tie-tIlc tiekettiekets timbales tinette tires
to't toits tom tombe'es tombe"s tomberas tordu
torciues tortues tOl1f touille toupie tour-la'
toussea trai'ner train-lao tranquille transforme"
transparente treize trempe trempes troisie'me
trombone tronc trotinette trotinettes troue's
troua-la" trouve'e trouve's.trouver tube tunnel
tuser tuyaux tyran u usine vague ve" venue venus
varrai verras vers verserai vert-lao vertes
verture veste viendra viendras viennent Village
violettes violon visse visss-le visser vit
voitures-la" vole' vomi vomir voudrait voyons
waqon-la" xagone zarrivent ze'coutent zencore
zigzag zont Oh 10

Types. 2698
',ro"ensc 56,982
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TABLE 37

Alphabetical ordering of the Vocabulary of Philippe

a 964
abat-jour 5
abricure 1
accompagne'e 1
accroche' 6
accrocher 12
achete' 28
achete's 3
agne's 1
agrafer 1
ai'e 9
aigle 1
aigullles 2
a1l1eurs 3
ainsi 1
ajourabe 4
alle' es 4
aller 50
alligator 1
allul'lle 5
allumer 8
alors 22
amener 5
amour 1
amusent 2
ancre 2
ani 2
anneaux 2
antennes 3
apparell 6
appelle 29
apporte' 1
apprend 2
appuies 3
apre's 42
arbres 7
argent 2
arranger 1
arre'te'e 2
arre'tera 1
arre'tez-vous 4
arriver 1
as 115

a' 468
abi'me'e 1
accident 10
accorde'on 1
accroche' e 4
accroches 5
achete'e 1
acheter 10
agrafe 1
ah 156
aides 1
aiguille 16
ailes 1
aimant 4
aiou 1
alle' 16
alle's 6
alles 1
allo 3
allume' 2
allumette 9
ambulances 1
ami 1
amusant 5
amuser 1
anglais 1
animal 6
annulaire 6
aouiii 1
appartement 2
appellent 3
apporte's 1
apprendre 1
appuyant 1
araigne'e 5
are-en--ciel 1
aristochats 6
arre'te 6
arre'tent 1
arre'tes 2
arrive 23
arriveront 1
asseoir 10

a'ne 4
abord 2
accidents 2
accroche 8
accrochent 2
ache'te 8
achete'es 1
ae'rogare 1
agrafe's 1
ai 333
aie'e 1
aiguille-la' 1
aillent 1
aime 15
air 2
alle'e 3
allemagne 4
allez 13
allons 1
allume'e 1
allumettes 7
ame'ne 9
amis 1
amuse 3
ancien 1
angleterre 3
animaux 24
antenna 1
ape'ritif 1
appele' 1
appelles 3
apporter 5
appuie 11
appuyer 2
arbre 18
arcs-en-ciel 4
armoire 6
arre'te' 2
arre'ter 6
arre'tez 2
arrive' 10
arroser 1
asseoit 3



assez 2
assieds-toi 1
assis 5
attaeher 3
attend 2
attendes 2
attention 13
attrape' 2
au 98
aujourd 32
auras 4'
auto--la' 1
autocars 1
autour 3
aux 33
avait 51
avant 17
avions 5
aye 1
ba 1
bababababa 1
babown 1
baquette 3
bah 1
baUle 1
baisers 2
baisse'e 1
balaie 8
balance 1
baleon 1
ballon 9
bambi 1
bande 4
barbe 2
barres 4
barrie'res 2
bassin 1
bateau 92
bates 3
bave 1
be'be's .1
be'ne"dlcte 5
be'te-la' 4
be'tise 5
.oe'toleuse 1
beau 27
bequltte 2
belles 6
b.esoin 9
beurre 3
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assl-les-moUlineaux
assiette 5
attache 3
attaque'e 1
attendals 1
attendre 6
attrapait 1
attrape-le 1
au-dessus 5
aura 4
auront 1
autobus 1
autoroute 1
autre 148
avalent 2
avale 1
avec 2,94
avis f
ayent 1
ba'ton 7
babar 3
baqnole 1
baquette-la' 1
baiqne' ·1
bain 3
baisse 10
balsser 1
bal.is 1
balancer 3
balle 14
ballon-la' 1
banc 2
bandes 3
barreau 1
barres-la' 1
bas 10
bat 1
bateau-la' 1
batter 1
be' 27
be'e' 1
be'ta 1
be'tement 2
be'tlses 3
be'ton 1
beaueoup 67
beleu 1
ben 101
beu 4
blberon 16

2 assieds 4
assiettes 1
attache' 1
attaquer 5
attende 1
attends 44
attrape 8
attraper 7
au-revoir 7
aurait 3
ausel 177
autocar 2
autos 4
autres 20
avals 10
avancer 1
avion 27
avolr 2

bab3
babi 1
bague 9
baquitte 2
balqner 1
baiser 1
balsse' 2
balal 6
balane.oire 3
balaye'es 1
balles 1
ballons 15
bancs 1
banquette 5
barreaux 1
barrie're 2
base 2
bate 5
bateaux 17
battre 6
be'be' 27
be'leu 2
be'te 10
be'tes-la' 1
be'toleu 1
be'tonneuse 8
bee 1
belle 23
benne 6
beuh 6
blblbiblbobodidabe 1



bibibobabibi 1
biche 2
biento't 1
bille 2
biscotte 5
bizarre 2
blanc 26 .
blanes 6
blesse' 1
bleues 5
bobine 2
bOi'te 38
boiboiboiboi 2
bois 19
bol 16
bolo 2
bon 23
bon jour 3
bord 2
bou 15
bouche'e 1
boudie 3
bouge 13
bouh 1
boules 13
boulu 1
bouscule 1
bout-la' 2
bouteilles 5
bouton-la' 4
bouts 9
bracelets 1
brioche 2
brosser 2
brouette 4
bru'le' 7
bru'ler 13
brun 1
bulles 7
bussy 2
c 1531
ca'liner 1
cabinet 1
caeahue'te 2
cache 9
cache-cache 6
cacheras 1
cadeaux 3
cages 1
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bibibobol1ne 1
biches 2
bigoudis 3
bUles 4
biscottes 4
blablablabla 1
blanche 3
blanquette 4
bleu 37
bleus 6
bobo 4
boi'te-la' 5
boirat 7
boit 2
bol-la' 1
bols 7
bonbons 11
bonne 10
bosse 6
bouboubou1
boucherie 1
boue's 2
bougie 3
bouillante 1
boulogne 8
boum 60
bousse 1
bouteille 4
boutiques 2
boutons 18
bouts-la' 1
branches 1
briquet 28
brosses 1
broum 37
bru'le'e 6
bruit 22
bu 11
bureau 1

c:* 1
cabane 1
cabriole 4
cacahue'tes 1
cache' 11
Cache-le
caches 1
cafe' 31
cahier 1

bibibobolune 1
bien 96
bill 2
billet 2
bitonniau 4
blagueur 2
blanches 5
ble' 2
bleue 3
blonds 1
boh 1
boi'tes 9
boire 38
boivent 1
bolle' 4
bombe1
bonhomme 17
bons 2
bottes 3
bouche 24
bouchon 3
bouette 2
bougies·2
boule 20
bouloum 1
boup 2
bout 47
bouteiHe-la' 1
bouton 39
boutons-la' 1
bracelet 3
bras 21
brosse 27
brou 3
bru'le 6
bru'lent 2
bruit-la' 1
bulle 3
burode 1

c:*a 1100
cabines 4
caca 65
cace 1
cache'e 2
cacher 5
cadeau 5
cage 15
cailloux 1



caisse 1
camion-la' 4
campagnes 1
canards 3
caravane 9
carnassier 1
carole 2
carre' J 1
carrelage 5
cartes 1
casquettes 1
casse' 82
casse's 3
casserole 6
ce 204
celle 4
celles-la' 1
cendre 1
Cerise 1
Ces 58
ceux-lll' 9
chaise 24
chambre 19
chamois 2
champs 2
chansons 1
chantent 1
chapeau-la' 1
chaque 11
chasse 1
chasseur 1
chats 19
chauds 1
chaussettes 1
chaussures 18
che'vre-la' 1
chemine'es 3
cherche 12
cherches 2
chevals 2
cheveu 1
chichis 1
ch,1ens 8
chinois 1
chonchons 1
chases 17
ciel 13
cigarettes 14
cira<je 3
eire 3
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calembour
carnions 5
camping 1
canne 3
caravanes 3
carnassiersl
carqueranne 2
carre'es 2
cartable 3
casque 6
cass 1
casse'e 24
casser 11
casseroles 1
ce' 3
celle-la' 56
celui 9
cendrier 10
cerises 2
cet 7
cha'teau 5
chaises 2
chambre-la' 1
champiqnon 3
chandelle 1
chante 5
chanter 1
chapeaux 2
charriot 2
chasse' 1
chat 31
chaud 33
chauffe-eau 5
chausson 9
che 1
che'vres 3
chemise 4
chercher 62
cherchons 1
chevau 4
cheveux 7
chien 48
chiffon 2
chocolat 95
chose 32
chou 1
ciqares 1
cine'ma 10
circulation 2
ciseawe 2

camion 141
campagne 1
canard 10
car 5
caresses 1
carnet 3
carre' 22
carreau 1
carte 2
casquette 4
casse 17
casse'es 4
casserait 2
castor 1
ce'ce's 1
celles 1
celui-la' 161
cerf 1
ceevelle 1
eette 114
chai'ne 10
chaleureux 1
chameau 3 .
champiqnons 2
chanson 3
chante' 1
chapeau 24
chaperon 3
charriots 3
chasser 8
chatouille 1
chaude 1
chauffer 1
chaussons 22
che'vre 11
chemine'e 15
cherchais 1
chercherai 1
cheval 16
chevaux 4
chez 97
chien-la' 1
chigne 2
chonchon 1
chose-la' 1
chouette 1
Cigarette 75
cinq 4
eire 1
clair 4



claque 1
clef 15
cloche 2
clowns 3
co'te's 2
cOOHe 1
cognac 1
cogner 5
coince' 1
colle 9
coller 2
coloriaqes 1
COll1llle U)6
comm1ssions 2
comprends 2
compte's 2
conduit 5
confitures 1
construction 2
content 8
copains 1
coquin 2
corde 4
cornichon 1
couche' 5
coud 2
coudre 1
couler 1
couloir 1
coupe' 2
coupent 1
coups 2
courant 2
course 11
Coussin 2
couteaux 1
couverts 1
craie 1
cravates 2

. cra¥ons 38
ere pe 2
creux-la' 1
Cdp :3
crochets 1
croi 1
croissant 68
croit 4
croq 2
crotte' 2
croyais :3
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clara 19
clefs 5
cloute' 1
co'te' 27
cochon 14
coffre 8
coqne' 4
coin 5
coincent 3
colle' 2
collier 11
eolorier 5
comment 120
comp11que' 3
compresseur 3
con 11
conduiteur 7
connais 17
constru1re 1
contente 1
coqueluche 1
cor 3
cordes 1
cou 9
couche'e 1
coude 1
coule 2
couleur 25
coup 11
coupe'e 1
couper 9
cour 12
courir 3
court 6
coussins 2
couture 2
couverture 4
crasseux 2
cra¥on 51
ere me 1
cre'pes 1
creve' 1
cro 1
crocodile 3
crois 17
croissants 26
erole 1
croque' 1
crou'te 4
cube 2

classe 5
c11e 7
clown :3
co'te'-la' 1
cochons 6
cage' 1
cogne'e 1
coince 2
colique 3
colle'e 1
collier-la' 1
comb1en 2
COll1lllerCe 3
compote 1
compte 2
conduire 8
confiture 10
connaissals 1
constru1t 2
contents 2
coqu1l1aqes 1
corbe111e 6
corne 2
couche 2
coucher 1
coudes 2
coule' 1
couleurs 2
coupe 17
coupe's 1
coupes 1
courait 1
cours 9
couru 1
couteau 11
couvercle 6
couvre 1
cravate 3
cra¥on-la' 2
ere p 1
creux 3
cr1er 1
crochet 3
crocrocro 2
croiee'e 4
croieee 1
crooooh 1
croquer 2
crou'te-la' 1
cUille're 43



cUille're-la' 1
cUiller-la' 1
cuisse 1
cygne 3
d 18
dame 31
dangereux 6
dan sent 1
de'barboullle 1
de'but 2
de'chlrer 5
de' croche~ 1
de'fais 6
de'fait 15

• '. #de gringole 1
de' jeuner 3
de'molira 1
de'monte'e 2
de'passe 1
de'raille 1
de'shabille' 1
de'visse 1
dehors 24
demander 5
demi-rond 4
dentifrice 1
dernie're 2
des 653
descendre 5
descendue 1
dessine 8
dessinet 3
dessous 13
devais 1
devine 24
dimanche 3
dire 24
dis-donc 2
disent 3
disques 1
dix-neuf 1
doigt 12
doivent 1
donnait 1
donne' es 1
donner 15
dormant 1
dors 2
dossier 2
drabon 3
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cuille'res 15
cuire 1
cuisses 1

da 6
dame-la' 1
danielle 3
de 860
de'barbouiller 2
de'chire 5
de'coller 1
de'de' 13
de'fais-le 2
de'faits 1
de' ja' 16
de'moli 3
de'moliront 2
de'monter 1
de'passent 1
de's 3
de'sole' 3
debout 4
demain 3
demassieu 2
demi-soleil 5
·dents 11
dernier 3
descend 3
descends 5
dessin 1
dessine' 1
dessines 2
dessus 34
devant 5
dieu 1
dirait 2
dirige 2
dis-moi 2
disputent 1
dit 33
docteur 15
doigts 12
domdomdomdom 1
donne 29
donne-le 1
donnes 2
dormi 1
dort 6
doux 2
dragon 1

cuHler 8
cuisine 6
culotte 9

dada 2
dames 8
dans 505
de' 9
de'bouche' 3
de'chire' 2
de' coupe' 1
de'faire 9
de'fais-moi 1
de'fendre 2
de' jeune' 2
de'molir 2
de'monte' 3
de 'montes! 3
de'pe'che 1
de'shabille 1
de' tache' E! 1
dedans 141
demande 3
demeussieu 2
dent 1
depuis 1
derrie're 13
descende .1
descendu ,1
dessin-la' 1
dessine'e 1
dessins 8
deux 160
devient 5
difficlle 11
diras 1
dis 9
discutent 5
disque 25
dix 1
dodo 1
doU 8
dOillllaie 3
donne 12
donne-moi 7
dore' 1
dormir 4
dos 3
douze 1
drap 2



dra~eau 5
dro lement 1
droit 10
duo 2
e 2
e'chelle 21
.'clant 2
e'coute 5
.'coutes 1
e'crire 23
.'crit 28
.'dicaments 1
e'glise 5
.'l.'phant 4
e'lectriques 1
.'ponge 5
.'tage-la' 2
e'tais 5
e'te' 2
e'teint 1
e'tonnant 2
e'tudiants 1
edelweiss 1
eiffel 3
elles 51
embe'tes 2
emmener 3
emporte's 3
encore 212
endroit 3
entants-la' 1
enle've 39
enleve' 14
enlever 53
enregistre 1
entends 2
entre 1
envoie 5
envole'e 2
es 20
escaliers 1
espe'ce 1
essaye 4
essuyer 5
est-ce 260
.u 5
.ux 4
explique 1
faboullles 1
fabc'iquer 2
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drapeaux 4
dro'les 5
droit. 4
dur 27
e' 2
e'clabousse 1
e'clater 2
e'coute' 1
e'couteur 1
e'cris 24
.'crou 1
e'.'h 1
e'lastique 1
e'le'phants 5
.'lectrophone 4
e'pouvantail 1
e'tages 2
e'tait 40
e'teindre 3
e'tiquette 2
e'tonne 3
eau 123
efface' 1
ele'~hant 1
embe tant 1
embouteillage 3
emporte 2
emporter 1
encre 2
enfant 6
enferme 1
enle'ves 2
enleve' e 2
ennuie 4
ensemble 4
entier 2
envers 21
envoie~le 1
envoye' 2
es-tu 1
escalou 3
essaie 4
essayer 3
est 2316
estatues 2
eue 1
existe 2
expliquer 3
fabrique 15
fac*on 1

dro'le 30
droi 1
du 297
dure 3
e'c 1
e' clair 1
e'cole 77
e'couter 12
e'craser 4
e'crise 2
e'cureull 13
e'gllque 2
e'lastlques 1
e'lectrlque 2
e'pe'e 2
e'tage 2
e'talent 1
e'tamlnes 1
e'telns 3
e'tolles 3
e'tre 3
eau-la' 1
eh 109
elle 639
embe'te 1
emme'ne 3
8IlIporte' 1
en 391
endort 1
enfants 30
enferme' 1
enlevant 1
enleve's 3
ennuis 5
entend 2
entlers 1
anvle 4
envole 9
envoyer 4
escaller 6
escoulou 1
essayait 1
essuie 1
est-c*a 3
et 452
euh 19
exlste' 1
expre's 3
fabrlque' 2
face 1



facteur 1
falm 2
fal_1e 1
falsals 1
fait 366
faml11e-la' 1
farlne 8
fasses 5
fatlgue' 1
faut 148
fauteul1s 1
fene' tre ·22
feralt 1
ferme' 12
ferment 2
fes8e'es 1
feu 75
feul11es 16
flce11_1a' 1
Ul 18
fl11_la' 1
flla 1
finlr 3
fle'ehe 4
fleurs 2S
flotte 1
fole 1
fond 1
forme 1
fourchette 7
fourrure 5
fragUe 1
frelne 1
froid 16
fromaqe 4
frotter 2
fume 6
fumes 1
fusU .2
ga 1
ga'teaux 24
gagne' 1
galoper 3
garage 16
qare*on-la' 1
qarder 3
gare'es 3
gaz 1
ge'ne 1
genoux 8
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facture 1
faire 272
fai_/lloi 1
falsai'll 9
falte 3
hn1
fascine' 1
fatigant 1
fauehe 2
faute' 2
faux 1
fene'tres 8
fermais 1
ferme'e 2
fermer 18
fesses 2
feu-la' 1
feux 1
fiUlle 1
fllet' 4
filles 5
Un 3
finis 3
fleur 17
fUe •
flu'te 2
foievelle 1
fondu 4
fort 4
fournellu 2
fous 4
frane*ois 1
frelne' 1
froide 6
fronde 2
fruits 3
fume'e 71
funieulaire 1
fusUs 2
ga'teau 9
qag 4
gaqner 2
qant 8
qaraq_la' 1
gare*ons 8
gare 10
garer 3
ge'nait 1
ge'rard 12
genre 1

hUH 6
fais 153
faisaient 2
faisant 1
faites 1
fanfare 1
fasse1
fatigue 2
faueille 1
fauteuil 11
fe'te 3
ferai 1

. ferme 10
ferme's 1
fesse'e 4
festation 1
feuille 1
Ucelle 10
figure 6
fille 48
fllm 3
fini 79
flamme 1
fleur-la' 3
flip 1
flu'tes 2
fois 9
font 24
fou 8
fourreau 2
foutre 2
fre're 1
frigidaire 4
froisse' 1
front 9
fulralt 1
furner 4
fuse' e 1

qa'teau-la' 'j

gages 3
qallpette 3
gants 1
gare*on 37
qarde 6
qare' 2
gauche 10
ge'nant 1
genou 3
gens 25
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gentH 17 gentille 13 gentils 1
gentiment 1 gilet 2 ginette 63
girafe 15 glace 3 glace'e 1
glaces 3 glisse 4 glisse' 3
glisser 4 gne" 1 gneu 2
·gornllle 9 gomment 1 gorge 3
gou't 2 goulue 1 gourmanci 4
gourmancie 1 goutte 4 gouttes 1
grain 1 grains 1 granci 31
granci-me"re 2 grancie 21 grancies 2
grancis 3 gratte 1 gre've 5
grenouille 2 grenouilles 1 griffes 1
grille 1 grimpe 1 grimper 2
gris 10 grog 1 groncie' 1
gronomme 11 gros 89 groseilles 6
grosse 52 grosses 9 grossi 1
grue 8 gruye're 1 gue'ri 1
gue'rie 1 gueule 2 guicions 2
guidons-l"" 1 guiges 2 guil1s 1
guitare 9 guy 1 gyrosco~e 1
h 6 habille 3 habille 3
habil1er 1 habite 3 habitent 1
hache 1 halle 7 hamster 3
haut 17 he" 13 he'lice 10
he'licopte"re 30 he'licopte'res 1 he'risson 5
hein 16 helena 1 herbe 7
heure 28 heures 6 hexagone 4
hi 5 hibous 1 hier 4
hippocampe 1 histoire 8 he" tel 2
hop 34 hoquet 4 houp 1
house 1 hue 24 hui 32
huit 4 hum 3 huma 1
hyppolite 1
i 12 iaa 1 ici 21
icie"e 8 idiot 9 idiots 1
11 1012 ils 175 image 2
importe 4 index 1 indien 2
installe 2 installer 2 ion 1
ira 1 irait 1 iras 1
isabelle 3
j 358 jamais 2 jambe 2
jambea 9 janou 6 janoucha 1
japonaise 1 Jardin 15 jaune 25
jaunes 8 je 1164 jean-michel 2
jean-paul 1 jeanine 3 jet 1
jete' 1 Jeter 9 jetons 1
Jette 3 jettent 1 jetterai 1
jeu 6 jeu-la' 2 jeudi 2
jeuh 2 jol1 10 jol1e 6
josiane 15 jouaient 1 jouais 1.



joue ~1

jouer ~1

jouerait 3
jour 11
judo 3
jus 6
kangourou 6
knickers 1
1 619
lao-bas 24
la'-haut 19
lacets 3
laine 5
laisse'e 1
laisser 1
lala 1
lance'e '2
langue 10
laquelle 3
lave" 1
leo 3
le"9Os6
leque19
lettres 1
leur 11
leve" e 5
lieu '2
liliane 1
lions 4
lise 2
livres 10
loine 1
longs 1,
losanqe 7
lourd 8
loze"re 1
lui 40
lune 17
lunettes-laO 1
m 76
machine 33
madame 12
maqasin-la" 1
maqnif1que 2
mai'tresses 1
main tenant 54
maison-lao 3

'mal 60
malheur 4
mamaman 1
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joue' 11
jouera 1
jouet 16
journal 8
jumelles 4
jusqu 2
kira 1
leola 1
'1& 1457
laO -dedans 24
la"r 1
laid '1
la1sse 4
la1sse",es 1
laisses 1
~ampe 5
lancer 9
lapin 20
lavabo 4
laver 5
le'cher 1
le've 3
les 777
leu 4
leurs'11
lever 1
11lala1&la 1
limoqes 7
lire 9
lit 27
locomotive 11
1010 1
longtemps 10
loup 38
lourde 3
luge 5
lumie're 18
lunette 1
1uxembourq 2
ma 68 '
machine-lao 2
madeleine 204
magne' ophone 4
mai"s 2
main 57
mais 106
maisons 24
malade 11
Il¥llo 4
llIaman 204

jouent 1
jouerai1
jouets 31
journe'e 1
jure 6
just:e 1
klaxon 2

la' 871
la'-dessus 9
labo 1
laid. 1
laisse' 9
lai sse-moi 2
lait 14
lance 1
langogne 12
lapins 4
lave 5
le 1641
le"go 4
le"ve-toi 1
lettre 1
leuleu 2
leve" 2
11 1
1111'1
110n 6
11s4
livre 49
loin 8
long 9
longue 2
loups 6
lourds 2
luges 1
l1.a1lie"res 7
lunettes 10

machin 2
machines 4
maqasin 5
magne'tophone 14
mai"tresse 22
mains 16
maison 111
majeur 1
malades 3
mama 1
mamie 89



man 1
mange' 37
mangeaient 2
manger 82
mani 1
manquait 1
manquer 1
mapa 2
marche 57
marcher 14
margoulette 2
marine 6
marque' 3
marron 12
marteau 11
masque 4
matin 4
me' canique 4
me'dicament 13
me'la 2
me'me're 3
me' tal 6
menton 2
meroe 6
messieurs 2
mets-le 4
mette 1
mettrai 1
meubles 3
miam 12
michel 11
microbes 3
mienne·7
miettes 10
migrec 3.
mimimorire 1
minouche 2
mise 1
mitalie 1
mobilis 1
modeur 1
mollets 1
monde 10
monsieur-lll' 6
montagnes 1

. montbrun 4
monte's 1
montes 1
montre-la 1
montrerai 2
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mane'ie 20
mange -cale 1
mangeait 1
mangeraient1
manifestation 2
manque 8
manteau 7
marc 38
marche' 2
marco 8
marl 1
marionnettes 2
mal;raine 1
marrons 1
martine 6
masque-la' 1
mauva1s 8
me'chant 11
me'dicaments 8
me'me 46
me'mes 2
me'tro 14
mer 9
mes 6
met 68
mets-les 1
mettes 1
mettre 178
meueu 1
miaou 3
mickey 4
mie" 3
miens 1
mieux 6
milieu 2
minet ·1
mire111e 3
mise'ricol;des 3
mithalie 2
moche 1
moi 233
moment 1
manse 1
monsieurs 7
montaient 1
monte 39
montent 1
montparnasse 4
montre-moi 4
montres5

mange 36
mange-cale 1
mangent 2
manges 3
manou 1
manque' 2
manteau-la' 1
marchand 2
marchent 1
marcominouche 1
marianne 1
marmotte 1
marrant 2
marsellle 1
masou 3
mathalie 2
me 91
me,chants 1
me' got 1
me'me'me'seu 1
me'seu 1
menteur 3
merc! 29
mesdames 1
mets 68
mettant 1
mettra 1
meuble 1
meuh 2
michambe 2
micro 6
mien 12
miette 5
migre 2
mimi 1
minou 5
mis 66
misette 40
mob1 1
moches 1
moitie' 6
mon 114
monsieur 143
montagne 16
montbrin 1
monte' 11
monter 23
montre 61
montrer 13
montsouris 2



monument 1
morceau-la' 1
mordes 3
mort,e 1
moteUr 26
moto 85
mots 2
mouchelette 3
moucholr 14
mouflon 1
moullle's 1
moul1n 4
moulu 1
mouton 14
mum 4
murs 1
muse'se'se'seau 1
museau 1
muslques 4
n 11
nag-eolres 1
nanlma1s 1
nautres 2
ne 17
nenfant 4
nettoyer 3
neuse 1
nicole 4
noe'1 '1
noiraud 3
nolseau 1
non 1137
nous 3
n'Oye' 1
nue 2
nume"ros 1
o 1
ocarlne 2
oells 1
offre 2
Oiseau 7
omm 1 '
ope're' 1
oreiller 1
otlte 1
ou' 260
oublials 2
oublle' e 1
oui 1351
ours 10
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moque 2
morceaux 6
mordu 2
morts 3
moteur-1a' 1
moto-la' 2
mouche 2
rnouchelettes 1
rnoudre 4
mouille' 3
mou1l1er 1
moul1neaux 2
moustache 1
moutons 10
mur 4
muse' 1
muse"se'seau 1
musician 1
myriam 10
na 1
nag-er 3
nanou 2
navion 13
nelge 26
nettoie 4
neuf 3
nez 12
nld 1
nole 2
noire 4
nolx 1
normal 1
nouveau 2
nu 4
nult 13
nus 4
oblige's 1
occupe 1
oeuf 6
oh 326
01saaux 8
on 520
orange 14
orell1",a 7
ot1tes 2
ouah 7
oublie 1
'ouf 1
oul' e 6
outlls 7

morceau 22
morde 3
mort 3
mot 1
moteurs 7
rnotos 4
mouche' 1
mouches 3
mouds 1
moul11e"e 6
moules 1
moulins 1
mOustaches 1
moyen 4 ')
mur-la' 1
muse'se'se' 1
muse'seau 1
mu,slque 56
myrtllles 4
nage 2
nallumettes 1
narbre 2
navions 1
nen 11
nettoye' 1
neus1
ni 1
no" tre 2
nolr 47
noirs 4
nOOl 23
nours 2
nouvelle 2
nuage 2
nulla 1

obstine 1
oal1 2
oeufs 5
olgnons 1
ombre.3
ont: 41
orell1e 6
orl1!lay 8
ou 24
ouals 18
oublie" 7
ouh 7
oule' 1
ouvert 9
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ouverte 5 ouvertes 7 ouverts 1
ouvrai 1 ouvre 20 ouvre-moi 2
ouvres 5 ouvrir 24 ovale 2
pa 3 pa'te 1 paf 1
patf 1 page 6 pages 2
pain 15 pam 2 pan 28
panier 7 panne 4 panneau 5
panneaux 1 panpan 1 pansement 1
pantalon 8 papa 277 papas 1
papier 27 papiers 6 papiers-la' 1
paplllon 8 paplllons 4 paquet 4
paguets 2 par 84 par-dessus 3
parai't 1 parapluie 2 parc 3
paree 110 pardon 6 pareil 6
parents 3 parfait 1 parfois 5
paris 1 parking 3 parle 11
parler 20 parles 1 pars 3
part 5 partage 1 partent 3
parti 15 partie 19 parties 2
partir 12 partira 1 partiras 2
partis 1 partout 6 pas 1060
pascal 10 passa1e 4 passe 21
passe' 3 passe e 2 passer 7
pastroui'llarare 1 pastroul'llare' 1 pastrouillal'ra 1
pastroulllal're' 1 pastroullles 1 pataboum 1
patin 3 patins 2 patrlck 3
patte 2 pattes 5 pauvre 8
pauvres 5 pe 1 pe'che 1
pe'cheux 1 pe'dale 1 pe'se 2
pe'tales 3 peau 22 pelgne 15
pelgner 6 peignes 1 pelne 1
peinture 3 pelle 14 penche 1
pendant 1 pense' 2 penses 1
penses-tu 4 perd 2 perdre 3
perdu 25 perdue 1 perroquet 1
perroquets 1 personne 17 personnes 1
petit 308 petit-de' jeuner 1 petite 189
petl,tes 38 petlts 90 peu 67
peuh 4 peur 13 peut 45
peut_'tre 14 peuvent 2 peux 33
phare 3 phares 1 philippe 105
phllou 4 photo 9 photos 9
piano 7 pie'Ce 3 ple'tons 1
pled 25 Pi.ds 15 plerre 1
plerres 2 pierrot 1 plgeon 1
pin 1 p1neeau 3 p1ngouin 1
plnocchio 1 plpe 9 plpl 27
piqu're 3 piquant" 2 pique 7
pique' 1 plquent 1 piquer 6
pis 3 plste 3 plstolet 19
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p1stolets 4 placard 1 place 16
plaf 1 plafond 3 plaqe 3
plai't 24 plaisantin 1 planche 1
plancher 6 planques 2 plantes 8
plas 1 plastique 3 plat 2
plateau 3 plates 2 plein 44
pleine 2 pleure 3 pleure' 7
pleurer 2 pleut 3 pl1e1
pl1er 3 plot 1 plouf 4
pluie 5 plmie 2 plus 159
plusieurs 6 pneu 7 pneus3
poche 9 poche-la' 1 pochette 1
pot 2 poi 6 poids 2 .
pointe 6 points 2 pointu 2
poire 2 pois 1 poisson 17
poissons 13 police 7 poltron 3
panme 6 pomp 1 pompier 7
pompiers 4 pont 14 porquerolles 3
por~e 52 porte' 6 porte-moi 1
poq,e-monnaie 6 portent 2 porter 8
portes 13 portie're 1 pose 3
pos_les 1 poser 3 positoire 1
possible 5 ,postale 2 pot 14 .
poubelle 10 poubelles 1 pouce 3
pouf 2 poule 13 poules 4
poulet 1 poum 4 poumandarinette 13
poupe'e 8 poupe'es 3 poupou 10
pour 445 pourquoi 169 pourra 1
pourrais 4 pourrait 2 pourront 1
pousse 5 pousser 2 poussie're 7
pOUlIsie'res 4 poussin 2 poussins 2
pouze 2 poude 1 pre' au1
pre'pare 2 pre's 1 pre't 15
pre'te-moi l' premie're 3 premier 3
prend 10 prendait 2 ,Prende 1
prendra 3 prendre 28 prends 20
presque 11 pris .21 proble'mes 4
prochaine 1 protondeur 1 prome'ne 6
pranener 8 prote'qer 1 pu 4
publicite' 1 puis 5S puisqu 1
puisque 4 pull 1 pull-over 2
puzzle 9 puzzl_la' 4 puzzles-la' 3
qu 444 quand 60 quatre 8
que 233 quel 14 quelle 28
quelles 1 quelqu 6 quelque 28
quels 1 queue 23 qui 348
quille 2 quilles 2 quoi 334
raccourcie 2 racheter 6 raconte 1
raconter1 raeontes 1 radiateur 2
radio 1 radotes 1 rails 19



ra1s1n 2
ramasse 12
ramasser 8
range 6
rappelle 1
rae 1
rate 3
rati 2
rattra~e' 1
re'fle chis 2
re' pare 5
re'parer 11
re've111e 1
recacheras 1
recoller 1
reConnu 3
rectangule1re 1
redorme 2
refa1s 6
refermes 1
regarde 209
reqarder 12
regardons 1
remet 3
remettez-les 1
remmene' 1
remorque 9
renard 10
rentre' 5
rentrera 1
renverse' 4
renverser 2
repart1r 3
ressortir 1
reste 8
rester 7
retombe 3
retourne 5
retrouve' 6
revenue 1
rev1ent 5
rhab11lette 3
r1qolo 5
r1t 4
ro 2
robes 1
robot 4
rochers 2
ronde 5
ronds 8
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rais1ns 1
ramasse' 3
ramasses 3
range' 3
rapporte' 1
raser 2
rateau 12
rats 2
re' 1
re'fle'ch1t 1
re'pare' a
re'ussi 1
realle's 2
recasse' 4
reconnai't 5
reconstruit 1
reculotte 1
reenle've 2
refait 1
refroidi 1
reqarde' 5
reqardes 1
relavar 1
remets 6
remettre a
remonte 3
remplacer1
rends 2
rentre' e 4
rentrera1t 1
renverse' es 1
renvoyer 1
ressemblent 3
ressorts 1
reate' 2
resteras 1
retombe' 2
retourner 5
retrouver 1
reviendra 2
revoila' 1
rhinoce'ros 2
rire 1
rivie're 2
robe 5
robinet 1
roche 1
rogalsk1 a
rondelles 1
roros 1

raison 1
ramasse'e 1
rames 1
ranger 10
raquette 25
rat 1
rateaux 1
rattrape 1
re' chauffer 1
re'galer 2
re'pare'e 1
re'veil 4
rec*u 1
recasser 3
reconnais 1
recoucher 1
rede'monter 1
refaire 6
refermer 1
refro1disse 2
regardent 4
reqardez 5
releve' e 1
remets-la 1
remis 2
remonter 2
remue 2
rentre 13
rentrer 12
renverse 3
renversent 1
repartie 1
res sort 3
restaurant 1
restent 1
restes 7
retourer 2
retrouve 1
retrouvera 1
rev1ens 2
rhabiller 4
rien 42
risquais 1
riz 1
robert 1
robinets 1
rocher 4
rand 13
rondes 2
rose 8



roses 7
roue-la' 3
rouge 13
roule' 7
rouler 26
rourn 9
routes 3
s 174
sac 37
sals 192
sales 4
sallr 5
salon 8
samedie' 2
sang 1
saperllpopette 1
saute 7
sauter 1
savent 1
scania1
scoch 4
se'chent 1
seau 5
seqUin 6
semaine 2
sen ....la· 1
serai 1
serpent 8
servent 1
serviettes 1
seul 49
shampooing 1
sieste 2
singes 1
sirop 1
skis 4
soigne 4
soignera 1
sole11 28
son 67
sophie 1
sortant 1
sortie 2
sqrtirai 1
souffle 2
soule've 1
sourcils 5
sous 30
soye 6
statue 1
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rou 10
roues 51
rouges 13
rouleau 3
roulettes 2
rououououou 2
rue 19
sa 63
sage 11
sait 6
salete's 4
salit 4
salut 1
samos 2
sans 6
sapin 1
saute' 3
sauve 1
savoir 2
scie 4
se 97
se~que' 2
second 1
seize 1
semblant 3
sent 5
serait 2
serre 5
serviette 6
servir 2
seule 19
si 137
sifflet 1
sinon 1
six 2
so 1
soigne' 3
soignerait 1
solide 3
sonne' 1
sors 2
sorte 2
sortir 15
sou 2
souffler 5
souleve' 1
sourires 1
souvent 1
soyent 1
stylo 13

roue 37
roues-la' 2
roule 53
roulent 4
roulez 3
route 21

sable 12
saint-cloud 1
sale 3
sall 1
salle 1
samedi 4
sandales 1
sante' 2
sar 3
sautent 1
sauver 2
savon 2
sciure 1
se'che 4
se'que's 1
secoue 2
sel 1
sens19
sera 3
seront 1
sert 10
serviette-la' 1
ses 29
seulement 5
sle'ge 14
slnge 13
sire'ne 1
ski 2
soif 2
soigner 1
soir 1
sommeil 2
sont 117
sort 15
sorti 7
sortira 2
soufte 1
souffleu 3
Soupe 3
souris 36
souviens 10
spirou 1
stylos 3



su 1
sucres 9
suite 4
suppositoires 1
surtout 2
t 152
table 54
tabouret 6
tache'e 2
ta1l1er 20
tambour 11
tape' 3
tas 10
tata 2
te 83
te'le'phone 12
te'le'vision 9
te'tes 3
temps-la' 1
tente-la' 1
tes 9
ticket 1
tienne 4
tient 20
timbale 5
tire 17
tirelire 2
tiroir 13
toOt 1
toffe 2
toit 16
tombe 30
tombe'es 1
tomber 40
tonne 3
tonnerre 7
tordue 2
tortue 18
touche' 3
touil1e1
tour 16
tourne-vis 5
tourterelle 3
tousse 6'
tout 199
toux 2
tracteurG 4
train 110
traire 2
transforme' 1
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sucre 49
suffit 2
super 1
sur 307
symbolique 1
ta 49
tableau 12
tache 1
tail1e 4
taintain 1
tant 2
tapis 5
tase 4
tllilreau 9
te'gon 1
te'le' phone' 1
te'le'visions 2
teau 2
tenait 1
ter 2
the' 1
tickets 1
tiennent 2
tige 8
timbales 1
tire' 2
tirer 6
tiroirs 3
toboggan 36
toi 74
toits 1
tanbe' 72
tombe's 1
tomberas 1
tonneau 3
tord 5
tordues 1
tortues 1
toucher 4
toujours 8
tour-lao 1
tournent 2
tourterelles 3
tousser 5
toute 25
traces 8
trai'ne' 2
train-la' 1
tramway 2
transparente 1

sucre' 1
suis 54
supposi toire 1
surprise 1
syndicat 4
tabe' 5
tableaux 4
tache' 3
tail1e-crayon 2
talle' 5
tape 4
tartine 12
tasse 2
taxi 2
te'le'phe'rique 4
te'le'phoner 2
te'te 27
temps 6
tenir 3
terre 50
tic-tac 1
tien 4
tiens 56·
tigre 7
tinette 1
tire-bouchon 2
tires 1
tissus 2
toboggans 4
toilette 3
tom 1
tombe'e 20
tanbent 5
ton 85
tonneaux 2
tordu 1
tortille 3
touche 9
touf 1
toupie 1
tourne 41
tourner 22
tous 51
tousses 1
toutes 27
tracteur 34
trai'ner 1
trains 11
tranqullle 1
transporte 3



travail 8
travaillent 3
travers 9
trempe 1
triangle 25
triste 2
trQllbone 1
trompette 3
trotinette 1
trou 38
trous 16
trouve' 9
trouver 1
trues 15
<tube 1
tunnel 1
tuyau 5
u 1
use' 5
va 287
vaehe 5
vais 262
vas 47
ve'los 7
veau 2
venir 6
ventre 16
venus 1
verras 1
vers 1
vert-la' 1
verts 3
veulent 6
veux-tu 3
vle 2
viendra 1
vienne 6
vient 19
vllaine 6
vin 6

. violettes 1
visse 1
vit 1
vitres 6
voUe 3
voisin 2
voitur_la' 8
volant 13
volent 3
vomir 1
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travaill•. 6
trava1l1er 17
tre's 50
tremper 2
triangles 3
trois 42
trompe 2
trone 1
trotinettes 1
troue's 1
trous-la' 1
trouve'e 1
true 18
trues-la' 2
tue 2
tuser 1
tuyaux 1
un 1079
usine 1
va..,t 25
vaehes 15
valise 5
ve' 1
ve'tement 5
veaux 3
vent 13
venu 4
ver 2
verre 25
verserai 1
verte 8
verture 1
veut 52
Vide 4
viei,lle 4
viendras1
viennent 1
vieux 10
Village 1
vins 7
violon 1
viss_le 1
vite 14
voi 2
voir 102
voit 16
voitures 85
vole 10
voler 3
vont 9

travailie' 3
travailles 3
trelze 1
trempes 1
trlehes 2
troisie'me 1
trQllpe' 2
trop 52
trottolr 7
troup 3
trouve 6
trouve's 1
true-la' 3
tu 374
tuer 4
tut 11
tyra.'1 1
une 771

vacances 2
vague 1
valises 5
ve'lo 18
ve'tements 4
vend 2
ventllateur 8
venue 1
verral 1
verres 5
vert 36
vertes 1
veste 1
veux 311
vlder 4
vieilles 2
vlendront 2
vlens 30
vilaln 4
ville 2
vlolet 8
vis 9
Visser 1
vitre 17
voila' 174
vols 88
volture 270
voltures-la' 1
vole' 1
vQll11
voudrais 4



voudrait 1
voulu 2
vrai 19
vrlliment 3
vu 43
wagon 12
xagone 1
y 345
zailes 2
zenc::ore 1
zoiseau 2
zoos 3
zut 7
"So 1370
Oh 1
10 1

Types = 2698
Tokens =56,982
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voulais 2
vous 13
vraie 5
vrais 2
vue 3
wagon-laO 1

yaourt 3
zarrivent 1
Zigzag 1
zoot 1
zorro 5

voulez 4
voyons 1
vraies 4
vroum 2

wagons 5

yeux 31
ze'coutent 1
zizi 3
zoo 4
2;outils 3
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APPENDIX D

Dictionary I

Table 38 gives, for each lexical category, the list

of words that were classed in that category in Dictionary

I. Table 39 gives a rank sulllllary of the categories, and

Table 40 gives an alphabetical summary of the categories.

TABLE 38

Lexical categories of Dictionary I

classification = nc1.0 number of words = 526

a'ne abat-jour aCCident accidents accorde'on aigle air
alligator amour anneaux annulaire ape'ritif appareil
appartement arbre arbres arc-en-ciel arcs-en-ciel argent
autobus autocar autocars avion avis ba'ton hain baiser
baisers halai balais balcon hallon ballons banc harrcs
barreau barreaux bassin bateau bateaux be'be' be'be's
be' ton bec besoin biberon bigoudis billet bitonniauble'
bobo bol bois bonbons bonhomme bord bouchon bouto.n boutons
bouts bracelet bracelets bras briquet bruit bureau cabinet
caca cache-cache cadeau cadeaux cafe' cahler cailloux
calembour camion camions camping canard canards carnet
carreau carrelage cartable casque castor cendrier cerf
cha'teau chameau chamois champiqnon champlgn<;ms champs
chapeau chapeaux chaperon charriot charrlots chasseur chat
chats chauffe-eau chausson chaussons cheveu cheveux
chichis chien chiens chiffon chigne chocolat chou ciel
ciqares cine'ma cirage ciseaux clown clowns co'te's codile
coffre coin collier coloriages Commerce conduiteur copains
coquillages cornlchon cou coude coudee couloir coup CQUPS
coussin CQussins couteau couteaux couvercle crayon crayons
crochet crochets crocodile croissant croissants cube cygne
de' de' but demi-rond demi-soleil dentifrice dessin dessins
dimanche disquedisques docteur dodo doigt doiqts dos
dossier drabon dra~on drap drapeau drapeaux e'clair
e'couteur e'crou e cureuil e'dicaments e'le'phant
e'le'phants e'lectrophone e'pouvantail e'tage e'tages
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e'te' e'tudiants edelweiss ele'phant embouteillaqe endroit
ennuis escalier escaliers facteur fauteuil fauteu;l.ls feu
feux fil filet film fils £lic foie fourneau fourreau
fre're frigidaire fromage front fruits funiculaire fusil
fusils qa'~eau ga'teaux qagqages qant: qants qara1e,
qare*on qare*ons qaz qenou qenoux qenre gilet qou t grain
qrains grOll,quidons qull,is gyroscope hamster he' licopte , re
he'licopte res he'risson hexaqone hiboushippocampe ho'tel
hoquet index jardin jet jetons jeu jeudi jouet jouets jour
judo jus kangourou klaxon kniCkers leola labo laeets lait
lapin lapins lavabo le'go le',qos lieu lion lions 1010
10san1e lo~ loups machin maqasin maqne'ophone
maqne tophone mai's ma1he\1r mane' ge manteau marchand mari
marronsmarteau masou masque matin me'dicament
me'dicaments me'got me'tal me'tro menton meuble meUbles
micro mieropes minet minou modeurmollets moment monde
monsieur monumentmoreeau'morceaux mOt moteur moteurs mots
mouehoir mouflon moulin moultns mouton moutons mur lIIurs
museau narbre navton navions neus nez nid noe'l noiseau
'nom nours nuaqe nume'ros ocarine Oei1 oiqnons oiseau
oiseaux oreiller ours outils pain panier panneau panneaux
pansement panta~on papier papiers papillon papillons
paquet paquets \,arapluie pare parents parking passa1e
patin patins pe tales ferroquet perroquets petit-de jeuner
pharephares piano pie tons pied pieds pigeon pin pinceau
pinqouin pipipistolet pistolets placard plafond plancher
plateau pneu pneus poids points pois poisson poissons
pompier pompiers pont porte-monnaie positoire pot pouce
pouletpousslnpoussins pre'au proble'mes pUll puil-over
puzzle radiateur tails raisin raisins rat rateau rateaux
ratsre'veil renard ressorts restaurant rh1noce'ros r1z
robinet robinets robOt rocher rochers rouleau sable sac
salon lIamedi samedie' sang sapin Savon seau sel serpent
shampooing s~e'ge s1~flet sirop ski skis so soir 801e11
sammeil sou sourcils sourires stylostylolil supposit01re
euppositoires syndicat tableau tableaux tabouret
ta111e-crayontambour tapis tas taureau tax1
te'le'phe'r1quet~psthe' ticket tickets tigre
tire-bouchoh tir01rtir01rs tissue toboggan toboggans toit
toits tonneau tonneaux tonnerre t.ourne-vis tracteur
'tracteurs train trains tramway triangle triangles trombone
tronc trott01r trou trous truc trues tUbe tunnel tuyau
tuyaux tyran ve'lo va'los ve'tement ve'tements veau veaux
vent ventilat.ur ventrever varra verres Village v!nv1ns
violon v01s1l\ wagon waqons xaqone yaourt z:Lqzaq ziz1
zoiseau zoo zoos zoutils

classification • nc2.0 number of words = 381
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ae'rogare agrafe aiguille aiguilles ailes allumette
allumettes ambulances ancre antenne antennes araigne'e
armoire assiette assiettes autoroute autos bagnole bague
baguette baguitte balanc*oireballe balles banguette
barrie're barrie' res base be'tise be'tises be'toleu
"be'toleuse be'tonneusebeguitte"benne biche biches bille
billes biscotte biscottes blanquette bobine boi'te boi'tes"
bombe bosse bottes bouche boucherie boue'e bouette bougie
bougies boule boules bousse bouteille bouteilles boutiques
branches brioche brouette bulle bulles cabane cabines
cabriole cacahue'te cacahue'tes cage cages caisse campagne
campagnes canne caravane caravanes carte cartes casquette
casquattes casserole casseroles cendre cerise cerises
cervella chai'ne chaise chaises chambre chandelle chanson
chansons chaussettes chaussures che'vre che'vres chemine'e
chemine'es chemise chose choses Cigarette Cigarettes
Circulation classe clef clefs cloche colique commissions
compote confiture confitures construction coqueluche
corbeille corde cordes corne couleur couleurs cour course
couture couverture craie cravate cravates cre'me cre'pe
cre'pes crou'te euille're euille'res cuiller cuisine
Cuisse euisses culotte dame dames dent dents e'chelle
e'cole e'gli~ue e'glise e'pe's e'ponge e'tamines
e'tiquette e toiles eau encre espe'ce estatues fac*onface
facture faim fanfare farine faucille faute fe'te fene'tre
fene'tres fesse'e fesse'es fesses"festation feuille
feuilles ficelle fifi11e fille filles fin flanune fle' che
fleur fleurs flu'tesfois fourchette fourrure fronde
fuse'egalipette gare girafe glace glaces gomme gorge
goutte gouttes grand-me're gre've grenouille ~renouilles
groseilles grue gueule guitare hache halle he lice herbe
heure heUres histoire ide'e image jambe jambes journe'e
jumelles laine lampe langue lettre lattres locomotive luge
luges lumie're lumie'res lune lunette lunettes machine
machines mai'tresse mai'tresses main mains maison maisons
manifestation margoulette marionnettes marmotte marraine
mer miette miettes mise'ricordes montagne montagnes moto
motos moustache moustaches musique musiques myrt1lles .
nageoires nallumettes noixnuit ombreoreille oreilles
otite otites pa'te panne patte pattes pe'dale peau peine

"peinture felle personnes peur photo photos pie' ce pierres
pipe piqu re piste plage planche pluie poche pochette
pointe paire police pomme portie're poubelle poubelles
poule paules poupe'e poupe'es poussie're poussie'res
profondeur publicite' queue quille quilles radio raison
raquette remorque rivie're robe robes roche rondelles roue
roues roulettes" route routes rue salete's salle sandales
sante' seie sciure semaine serviette serviettes sieste
sire'ne 80if soupe statue surprise table tache tartine
tasse te'le'vision te'le'visions te'te te'tes terre tige
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timbale timbales tirelire toffe toilette tortue tortues
toupie tourterelle tourterelles toux traces trompette
trotinette trotinettes usine vache vachee valise valises
verture veste vie ville vis vitre vitres voile voiture
voitures zailes

classification ~ vtO number of words .. 169

accompagne'e accroche' accroche'e accrocher achete'
achete'e aChete'esachete's acheter agrafe's aqrafer
allume' allume'e allumer amener amuser appele' apporte'
apporte's apporter apprendre arranger arroser asseoir
attacher attaque'e attaquer attendre attrape' attraper
ba1sse' baisse'e beisser balaye'es better battre boire
brosser ca'11ner cacher chercher coince' colorier condu1re
Construire coudre couper crotte' de'barbouillerde',bouche'
de'ch1rer de'croche' de'faire de'f_ndre de'molirde'monte'
de'monte'e de'monter de'shabille' demander dessiner dire
e'coute' e'couter e'craser e'crire e'teindre emmener
emporte' efllporte's 'empoJ;'ter enferme' enlever envoyer ,
essayer essuyer expl:!.quer fabrique' fabr:!.quer fascine'
foutre froisse' frotter gagne' gagner garcier gara' qare'as
qarer habiller installer jete' jeter lancer laver le'cher
lire mange' manger mettre montrer mouche' moudre mouiller
nettoye' nettoyer oublie' oublie'e pastroui'llarare
pastroui'llare pastrouillai're' peigner perdre porte'
porter promener prote'ger racheter raconter ramasser
ranqer rapporte' raser rattrape' tie' chauffer re' qaler
re'pare' re'pare'e re'parer recoller rede'monter refa1re
refermer regarde' regarder reqardez relaver remettre
remmene' remplaeer renverser renvoyer retrouve' retrouver
rhabiller sa11r sauver sav01r servir s01gne' soigner
souleve, ta1l1er te'le'phone' te'le'phoner touche' toucher
traire transforme' trompe' trouve' trouve'e trouve's
trouver tuer tuser vider v1sser vomir

classification ~ vt1 number of words .. 158

accroche ~ccrochent accroches ache'te aides aime allume
ame'neamuse amusent appelle appellent appelles apprend
asseoit assiede attend attends attrape avale baisse belaie
bat boit bouseule Cace cache caches ehatouille cherche
Cherches coince coincent comprends conduit connaie
construit coud coupent cou~re de'barbouille de'chire
de'fais de'moll de'montes de'passe de'passent d~'pe'Che

de'shab1l1e de'visse demande dess~ne dessines devine
diriqed1s disputent dit e'clabousse e'coute e'coutes
e'cris e'teins e'teint e'tonne embe'te embe'tes emme'ne
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emporte endort enferme enle've enle'ves ennuie enregistre
entend entends envoie essaie essaye essuie explique,
gomment habille installe jette jettent jure lave lis mange
mange',-cale mange-cale mangent manges met mets mOllds
nettoie noie occupe oublie pastrouilles perd plat t
planques portent pre' pare prome'ne raccourcie raconte
racontes ramasse ramasses range rappelle rate rattrape
re'pare re'veille reconnai't reconnaisreconstruit
reculotte reenle've refais refait refermes regarde
reqardent regardes remet remets rends renversent
ressemblentretrouve sais sait sali salit sauve secoue
sent Bert soigne soule've suffit tord touche touille
transporte trouve tue vend visse vomi ~e'coutent

classification = ms number of words = 119

abricure ajourabe ani ba bab babi baboum bate bates be'leu
beleu beu bibibibibobodidabe bibibQbabibi bibiboboline
bibibobolune boiboiboiboi bolle' bolo bou boudie bouloum
boulu brou burode c* cass ce' ce'ce's che chonchon
chonchons cage' cor cre'p crip cro croi croisse crole da
dada de' de' droi e e' e'c escalou escoulou fan flif
foievelle ga gne' gneu guiges h house hui i ion la r le'
leu li malo man mani mapa me'la me'me'me'seu me'seu
michambe mie' mi1rec mimi mimimorire mobi mobilis monse
muse' muse'se'se muse'se'se'seau muse'se'seau muse'seau
na neuse 0 omm pa pe poi pomp poumandarinette poupou pouze
pouzle re~ rhabillette ro roros rou sar scoch souffleu
tabe' taintain tase tata te'gon teau ter tinette tonne
troup u ve' voi '

classification = vnO number of words = 89

appuyer arre'te' arre'te'e arre'ter arre'tez avancer
baigne' baignet balancer bru'ler casser chante' chanter
chasse' chasser chauffer cogne' cagner colle' colle'e
coller compte's coucher coule' ,couler courir crier croque'
croquer ouire de' coller de'gringole' descendre donne'
donne'es donner e'clater fermer finir freine' fumer
glisse' glisser gr1mper grande' joue' jouer'lever manquer
monte' monte's monter ouvrir parler passer pense' piquer
pleure' pleurer plier poser pousser prendre recasser
recoucher remonter rentre' rentrer retourer retourner
rouler roule~ saute' sauter sonne' sortir souffler tape'
tenir tire' tirer tourner trai'ne' trai'ner travaille'
travailler tremper voir voler
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number of words .. 85

appuie .appuies arre'te arre'tent arre'tes bouge bru'le
bru'lent casse 'chante chantent compte couche coule ~rois

croit dansent descend descends diseutent donne donnes
fauche ferment freine fume fumes glisse gratte qrimpe
grossi habite habitent jouent le've manque monte montent
montes ouvre ouvres parle parles passe pe' se penche penses
pi9ue piquent pleure plie pousseprend prends re'tle'chis
re tle'chit refroidi remonte remue rentre retourneroule
roulent saute sautent Be'chent sors sort souffe souffle
tape tient tire tires tortille tourne tournent travaill~

travaillent travailles vit vois voit vole volent

classification .. ko number of words .. 75

ah ai'e aie'e aiou allo aouiii bababababa bah be' be'e'
ben beuh blablablabla boh bouboubou bouh boum boup br0Ullt
clic crocrocro crooooh croq dieu dis-donc domdomdomdam
e'e'h eh euh he' hein hi hop houphue hum iaa jeuh lala
leuleu lilalalala merde meueu meuh miam miaou mum oh ouah
auf oUh oui'e ouie' paf paff pam. pan panpan pataboum peuh
plaf plof plouf pof pouf pown rown rououououou
saperlipopette tie-tac touf tut vrown zut Oh

classification .. np2 number of words = 40

agne's allemaqne angleterre be'ne'dicte carole clara
danielle ~inette helena hwna isabelle janou janoucha
jeanine josiane li11 liliane loze're madeleine mama
mamaman maman mamie manou marianne marseille martine
mathalle me'me're mlrel1le misette mttalie mithalie
mouehelette mouchelettes myriam nanou nicole scanla sophie

elassification .. nc1.0ad number of words .. 40

ballon-la' bateau-la' bol-.a' ibout-la' bouton-la'
boutons-la' bouts-la' bruit-Ia' camion-la' chapeau-la'
chlen-la' co'te'-la' collier-la', crayon-la' creux-la'
dessin-la' e'tage-la'feu-la' ga'teau-la' garage-la'
gare'ton-la' guidons-la' jeu-la' maiasln-la' manteau-la'
masque-la' monsieur-la' marceau-la moteur-la' mur-la'
paplers-l2\' puzzle-la' puzzles-la' sens-la' tem§'s-la'
train-la' trous-la' true-la' trucs~la' wagon-la
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number of words ~ 37

aristochats babarbambi bill bussy cognacfrancttois
ge'rardqronomme gruye're guy hyppolite jean-michel
jean-paul luxembourg. marc marco marcominouche michel
mickey minouche noiraud papa papas pascal patriCk philippe
phi10u pierrot pinocchio rati robert samos segUin spirou
tom ZOrro

Classification = aqO.O.2 number of words = 37

bizarrebleue bleues .carre'e ca#,e'esc1QUte' croiBe'e
de' sole' difficHe e'lectrique "e'lectriques fragile
glace' e goulue jaune jaunes juste marronme' caniquemOChe
moches mouille' mouille'e mouille's nu nue nus pointu
possible rectangu1aire rouge rouges sage sale sales
symbo1ique tranquille

,.... ,

c1llssifj,cation = aqO.b~2.vtO number of words = 35

abi' me' e attache' blesse' cache' cache'e comflique' coupe'
coupe'e coupe's "de'chire' de' coupe' de' tache e dessine'
dessine'e dore' effa~e' en1eve' enleve'e enleve's envoye'
habi1le' lave' nore' ope're' ramasse' ramasse'e range'
re1eve'e renverse renverse'es sucre' tache' tache'e
troue'suse'

classification ~ nc2.0 ad number of words = 31

ai~ille-la' aut~la' baguette-la' barres-la~ ,be'te-la'
be tes-la'. bOi'te-la' bouteill~la'chambr~la'
che'yre-1a' chose-la' crou'te-la' euille're-la'
cuil1er-1a' dame-la' eau-1a' famille-la' fice+le-la'
fi11e-1a' fleur-la' lunettes~la' machin~la' Maison-la'
mot~la' poche-la' roue-la' roues-la' serviette-la'
tente-la' voiture-1a' voitures-la'

classification =nc2.0.vt1 number of words = 31

attache.bande bandes harpe barres brosse brosses caresses
cire coupe coupes envie fabrique formege'ne griffes lance
montre montres mouche mouches offre pa'che placeplantes
plume porte portes serre taille trompe
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number of words '" 2i'

be'ta blanc blancs blonds brun compresseur c,ontent
contents crasseux ne'faits embe'tant antier entiers
fatigant gourmand ~ris laid laids marrant pareil ras
se'que' se'que's vert verts vilain violet

classification = aq1.0.0 number of words '" 26

ancien chaleureux chaud chauds dangereux doux dur gentil
gentils grand grands long longs lourd lourds mauvais
me'chant me'chants nouveau parfait petit petits plein
pre't seul vieux

classification =aq1.0.2,nc1.0 number of words '" 25

blagueur carnassier Carnassiers cachon cochons coquin
creux droit fou taus,froid idiot idiots majeur menteur
morts moyen\musicien piquants plaisantin plat poltron
rigolo rond ronds '

classification = vi1 number of words = 23

arrive baille de'raille dors dort existe fabouilles
marchent m1gre pars radotes retombe reviens revient rit
tombe tombent tousse tousses triches viens vient zarrivent

classification = aqO.O.2,vnO number of words = 22

bru'le' bru'le'e casse' casse'e casse'es casse's couche'
couche'e creve' fatigue' ferme' ferme'e ferme's leve'
leve'e manque' marque' passe'e Pique' recasse' reule'
vol~'

classification = npO number of words = 21

assi-les-moulineaux boirat boulogne carqueranne demassieu
demeussieu eiffel kira langogne limoges montbrin montbrun
montparnasse montsourismoulineaux orsay paris pe'cheux
porquerolles rogalski saint-eloud

classification = aq2.0.0 number of words = 17
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chaude dernie're dure gentille grande grandes longue
lourde nouvelle petite petites pleine prochaine seule
vieille vieilles vilaine

classification '" dVO number of words '" 15

ains1 alors beaucoup encore ensemble expre's ici jamais
peut-e'tre plus seulement surtout tre's trop zencore

classification", viO number of words", 15

arriver de'jeune' dormir existe' galoper marcher nager
partir realle's repartir ressortir retombe' tomber tousser
venir

classification. aq2.0.2 number of words '" 15

blanche blanches bouillante contente froide gourmande
morde mordes morte plates postale se'che transparente
verte vertes

classification", nC1.0,vt1 number of words ,;. 12

beurre bois lit partage peigne peignes sens singe singes
sucre sucres te'le'phone

classification", ac,nc1.0 number of words", 12

cinq deux dix dix-neuf douze huit quatre seize six treize
trois 10

classification", aqO.O.O number of words '" 12

dro'le dro'les magnif1que pauvre pauvres solide super
triste vrai vra1evraies vra1s

classification '" ncO.O number of words", 11

ami amia enfant enfants livre livres moules nenfant page
pages tour
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number of words = 11

balance chasse claque colle fatigue figure grille joue
pose trempe trempes

classification = vn6 number of words = 11

courait croyais donnait fermais jouaient jouais manquait
montaient OUvrai prendait tenait

classification ~ nc1.2 number of words ~ 10

animaux chevals chevaux gens messieurs monsieurs nan1mals
oeils oeufs yeux

classification = vt6 number of words = 10

attendais attrapait cherchais connaissais essayait ge'nait
manqeaient manqeait oubliais risquais

classification ='vtS number of words = 10

attende attendes boivent disent e'crise lise mette mettes
savent servent

classification = dV1 number of words = 10

de'ja' demain hier lonqtemps parfois puis souventto't
toujours vite

classification = vt6,va6
avaient avais avait devais
voulais

number of words = 8
faisalent faisais faisalt

classificatlon = vt10 number of words = 8
cacheras de'molira diras mettra pastrouillai'ra recacheras
retrouvera solgnera

classification =vn9 number of words = 8
casserait fuirait jouerai jouerait rentrerait sortirai
verrai verserai'

classification = epO number of words = 8
chez dans depuis par pour revoila' sans sur
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c:lassification .. vt1,va1 number of words .. 7
ai doit fais peut peux veut veux

c:lassific:ation • viO. vaO number of words .. 7
alle' alle's allez e tre reste' rester talle'

classific:ation. nc1.0,lc:0 number of. words .7 .
au-revoir bonjour dommage merci milieu pardon salut

classification ... vt9,va9 number of .words .7
aurait ferai feraitpourrais pourrait voudraisvoudrait

classification .. aqO.O.2,nC:1.0number of words. 7
bleu bleus c:arre' e'lastique e'lastiques ovale plastique

c:lassification. vt9 number of words .. 7
c:hercherai dirait jetterai mangeraient mettrai montrerai
soiqnerait

classific:ation • 1c:1 number of words .. 6
abord au-dessus la'-bas la'-dedans la'-dessus la'-haut

classification .. nc:1.1 number of words .. 6
animal cheval c:hevau journal oeuf travail

c:lassification • vn10 number of words .. 6
arre'tera jouera prendra rentrera sortira verras

classification • vt21 i'e15 number of words .. 6
attrape-1e cac:he-1e de fais-le envole-le mets-le visse-le

c:lassification • vtO,vaO number of words .. 6
avoir faire laisse' laisse'e laisse'es laisser

classification .. nc2.0,vi1 number of words .. 6
bave marche nagoe part rames souris

classification .. aqO.O.2,nc2.0 number of words. 6
be'te bouche'e marine orange rose roses

. c:lassific:ation .. vt20 number '"'f words .. 6
bu mordu rec*u rec:onnu remis eu

classification • vt5,vas number of words .. 6
doivent font ont peuvent veulent zont

classification .. vi20 number of words .. 6
dormi failli parti partis repartie revenue



number of words = 4

number of words = 4
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classification = aqO.O.2,vt20 number of words = 6
moulu perdu perdue tordu tordue tordues

classification = vi10 number of words = 6
partira partiras reviendra tomberas viendra viendras

classification = aq1.0.2,np1 number of words = 5
anglais chinois indien nair noirs

classification = aqO.O.2,viO number of words = 5
arrive· tombe' tombe'e tambe'es tombe's

classification = vn20 number of words = 5
COUrll descendu descendue sorti vu

classification = vt21 pe3 number of words = 5
de'fais-moi dis-moi montra-moi porte-moi pre'ta-moi

classification = vi1,va1 number of words = 5
devient parai' t restent suisvais

Classification = aqO.O.2,vn1 number of words = 5
fini finis gue'ri gue'rie re'ussi

classification =vi15,va15
aillent alles soye soyent

classification ~ dV2 number of words = 4
ailleurs par-dessus partout pre's

classification =dv3 number of words = 4
assez peu presque tant

classification = vt15,va15
aye ayent fasse fasses

classification =dv4 number of words = 4
be'tement debout dro'lement gentiment

classific~tion = aq2.0.1 number of words = 4
belle belles grosse grosses

classification =piS,ai number of words = 4
cheque me'mesplusieurs quelque

classification = nc1.0,dv2,epO number of words = 4
derrie're dessous dessus devant

classification = vn5 number of words = 4
descende prende refroidisse tiennent
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classification = vr1 number of words = 4
envole moque obstine souviens

classification = vi2, va2· number of words = 4
es est va vas

classification = vt20,va20 number of words = 4
eu eue pu voulu

classification = lcO number of words = 4
importe parce pis semblan t

classification = vi10,va10
ira iras resteras sera

number of words = 4

classification = dv6
n ne non plas

number of words = 4

classification =viS number of words = 4
partent redorme vienne viennent

classification = vn12 number of words = 3
appuyant courant sortant

number of words = 3classification =vt10,va10
aura auras pourra

classification = aqO.O.1,piS,ai
autre autres nautres

number of words = 3

classification = nc2.0,vnO
cogne'e fume'e rentre'e

number of words = 3

classification = cs,dvO
combien comme comment

number of words = 3

classification = nc1.0,viO
de'jeuner marche' rire

classification = vi6,va6
. e'taient e'tais e'tait

nunber of words = 3

number of words = 3

classificetion = cc
et ni ou

number of words = 3

classification =vi9,va9
irait serai serait

number of words = 3

classification = dvS
ouais oui vraiment

number of words = 3
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classification .. aq1.0.2,vn20 number of words .. 3
ouvert ouverts pris

classification ... cs number of words = 3
puisqu puisque sinon

classification ... aq2.0.2,nc2.0 number of words ... 3
ronde rondes violettes

classification .. nc1.0,vt12 number of words ... 2
aimant e'clant

classification ... nC2.0,viO,vaO number of words ... 2
alle'e alle'es

classification .. aq1.0.0,vt12 number of words .. 2
&mUsant e'tonnant

number of words ... 2classification .. vi11
arriveront viendront

classification .. aq1.0.2,vt20
assis m1s

number Of words .. 2

classification ... ncj.o,ko
attention flu'te

number of words .. 2

classification _ epS
au aux

ntDber of words ... 2

classification ... vt11,va11 number of words ... 2
auront pourront

classification .. aq1.0.1 number of words .. 2
beau gros

classification .. nc1.0,vi1 number of words ... 2
bou,t ressort

classification ... pd2
celIe celles

number of words ... 2

number of words .. 2

number of words ... 2

classification .. Pd7
celle-Ia' celles-Ia'

classification ... vt3
cherchons regardons

classification .. aqO.O.O,nc2.0
chouette vague

number of words .. 2
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classification =nc1.0.lc1 number of words = 2
co'te' envers

classification = aq1.0.2.vt1 number of words = 2
de'fait e'crit

classification = nc1.0.dv2.lc1
dedans dehors

number of words = 2

classification = vn21 pe3
donn_moi ouvr_moi

number of ~ords =, 2

classification = pe10
elle elles

number of words = 2

classification = pe19.dv2.epO
en nen

number of words = 2

classification = ncO.O ad
enfants-la' tour-la'

number of words = 2

classification = vt12
enlevant mettant

classification = lc3
est-c*a est-ce

number of words = 2

number of words = 2

classification = vt21 pe3.va21 pe3
fais-moi laisse-moi

classification = aq2.0.2.vt4.va4
faite faites

number of words = 2

number of words = 2

classification = vm1
faut pleut

classification =pe9
11 ils

classification = pe1
j je

number of words = 2

number of words = 2,

nl3llber of words = 2

number of words = 2

classification = aq2.0.2.np2
japonaise noire

classification = aqO.O.1
joll jolla

classification =nc2.0.vt1.va1
laisse laisses

number of words = 2

number of words = 2
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classification .. pe18,po9.ao14
leur leurs

number of words .. 2

classification .. dV2,lcO number of words .. 2
loin loine

classification .. pe2
m me

m.unber of words .. 2

classification .. aqO.O.2,ncO.O
malade malades

number of words • 2

classification .. nc2.2 number of words .. 2
mesdames vacances

classification .. poi number of words .. 2
mien miens

classification .. vt2i pei6 number of words .. 2
montre-la remets-la

classification .. aq2.0.2.vn20 number of. words. 2
ouverte ouvertes

classification. nc2.0.vi20
partie parties

number of words • 2

classification • epO,lcO number of words .. 2
pendant voila"

classification .. cs,dv7 number of words .. 2
pourquoi quand

classification • an1.0 number of words • 2
premier second

number of words .. 2

number of words .. 2

classification. at1
quel quels

classification .. at2
quelle quelles

classification .. nC1.0.vii,va1
reste restes

number 0 f word s .. "2

classification. vi5,vaS number of words. 2
sont vont

classification .. nc2.0,vn20 number of words. 2
sortie vue
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classification", nc1.0.epO
sous vers

number of words = 2

classification = aq2.0.1.piS.ai
toute toutes

classification. aqO.O.2,vi20
venu venus

number of words = 2

number of words = 2

classification. vt2,va2
a

classification. ep4,ep7
a'

number of words = 1

number of words =1

classification = nc1.0,viO,vaO
aller

number of words = 1

classification = vi3,va3
allons

classification • epO.dv1
apre's

classification = vn21 peS
arre'tez-vous

number of words = 1

number of words = 1

number of words = 1

classification = nc1.0,vt2,va2
as

number of words = 1

classification = vt21 pe7 number of words = 1
assieds-tot

classification • nc1.0.dv1 llumber of words = 1
aujourd

classification = dvO,cc number of words = 1
aussi

classification = dV2,lc2 number of words = 1
autour

classification = epO.,dvO.lcO
avant

number of words = 1

classification = epO,dvO
avec

number of words = 1

classification =nc1.0,vt7,va7
avions

number.of words = 1
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classification .. aq1.0.0,nc1.0.dv2
bas

number of words .. 1

classification .. aqO.O.2.dv4.ko
bien

number of words .. 1

classification. dv1.lc1
biento't

number of words .. 1

classification .. aq1.0.1,nc1.0,ko
bon

number of words .. 1

classification ... aq2.0,.1.nc2.0
bonne

classification. aq1.0.1,nc1.0
bons

number of words .. 1

number of words .. 1

classification ... pdi3
c

classification .. pdi2
c*a,

number of words .. 1

number of words .. 1

classification. Dci.0.ce
car

classification .. ad1,pe14
ce

number of words .. 1

number of words .. 1

classification .. pdi number of words .. 1
celui

classification .. pdS number of words .. 1
celui-la"

classification .. ad4 number of words .. 1
ces

classification .. ad2 number of 'words .. 1
cet

elassification .. ad3 numbsr of words .. 1
cette

classification .. pd9 number of, words .. 1
Ceux"';la"

classification .. aqO.O.2.nci.0.vtO, nulllher of Words .. 1
eire"



171

classification = aq1.0.2,dv4
clair

classification = aq1.0.0,nc1.0
con

number of words = 1

number of words = 1

classification = ncO.O,vn1 number of worCls = 1
cours

classification = aq1.0.0,vn1 number of words = 1
court

classification = aq1.o..2,nc1 •.0,vt20 number of words = 1
couverts

classification = ep1,ep2,ep3,ep6 number of words = 1
d

classification = ep1,ep6 number of words = 1
de

classification = vt11 number of words = 1
de' mol iront

classification = nc1.0,lcO,epO
de's

classification = aq1.0.0,lc1
dernier

number of words =.1

number of words = 1

number of words = 1classification =ep3
des

classification =vn21 pe15 number of words = 1
donne-le

classification = vi12 number of words = 1
dormant

classification = aq2.0.2,nc2.0,lc2 number of words = 1
. droite

classification = ep2 number Clf words = 1
du

classification = aqO.O.2,vt20,va20 number Clf words = 1
duo

classification = epO,vi1 number of words = 1
entre



classification. _. vrO
envole-#e
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number of words '" 1

Cl!!llsification '" vi2 pe5,va2 peS
es-tu

number of words = 1

classification .. pe12
ewe

number of words =1

classification .. vt21 pe15,va21 pe15
fais-le

number of words", 1

classification '" vt12,va12
faisant

number of words '" 1

classification '" aq1.0.2,vt1,va1,lcO
fait

number of words _ 1

classification .. aq1.0.0,nc2.0
faux

number of words .. 1

class1fication '" aqO.O.O,nc2.0,vn1
ferme

number of words '" 1

classification .. nc2 ..0,vt1,vm1
!lotte

number of words .. 1

class1f1cat1on .. nc1.0,vn1 number of words '" 1
fond

class1f1cation '" aqO.O.2,vn20 number of words .. 1
fondu

classification .. aq1.0.0,dvO number of words '" 1
fort

classification '" nCO.O,vt1 number of words '" 1
garde

classification .. aqO.O.2,lc2 number of words '" 1
gauche

classification .. aq1.0.2,vt12 number of words .. 1
ge'nant

classification .. aq1.0.0,nc1.0,dvO,lcO
1

haut

number of words ..



classification = cs,epO
jUBqU
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number of words = 1

classification = dn1,dn2. pe1S ,pe16
1

number of words = 1

classification = dn2,pe16
la

nunber of words = 1

classification =dvO.ko number of words = 1
la'

classification = nc2.0,vtO number of words =1
lance'e

classification = pr6
laquelle

number of words = 1

number of words = 1

classification = dn1.pe15
le

classification = vn21 pe7
le've-to;l.

classification = pr5
lequel

classification = dn3.pe17
les

number of words = 1

number of words = 1

number of words = 1

classification = pe11 number of words = 1
lui

classification = a04 number of words = 1
rna

classification =np2.nc2.0
madame

classification = dV1.vt12
. maintenant

number of words = 1

number of words =1

classification = cc.dvO
mais

number of words = 1

classification =aq1. O. O. nc1 .O.dv4.lc1
1

mal

number of words =
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classification = piS,ai.lcO
"me me

number of words = 1

classification = a07
mes

numbem- of words = 1

classification = vt21 pe17 number of words = 1
mets,..les

classification .. po6 number of words • 1
mienn.e

classification =aq1.0.0,dv4
mieux

classification = aq2.0.2,vt20
mise

number of words = 1

number ~f words = 1

classification =. pe3
:noi

number of words = 1

classification = nc2.0.1c2
mOitie"

number of words = 1

classlficatlon .. a01
mon

number of Words = 1

classification .. aq1.0.2.neO.O
mort

number of words • 1

classification .. nc2.0.vm1
neiqe

number of word$ .. 1

classification~ aq1.0.2.nc1.0.ac
neuf

number of words .. 1

classificatiOn • pp4
no'tre

number of words •. 1

classification • aq1.1.2
norllllll

number of words .. 1

classification • pe4
noue

number. of words. 1

classification .. aq2.• 0.2.pi8,ai number of words .. 1
nuUe

classification .aqO.O.O.vtO number of words .. 1
Obliqe's



classification = pi1
on
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number of words = 1

classification = pr11,dv2
ou'

classification = nc1,O,dv6
pas

number of words = 1

number of words = 1

classification = aqO.0.2,nc1.0,vnO
passe'

number of word$ = 1

classification = vn1 pe5 number of words = 1
penses-tu

classifieation = nc2.0,pi5 number.of words = 1
personne

classifieation = np1,ne1.0 number of words = 1
pierre

classifieation = vn21 pe17 number of words = 1
pose-les

number of words = 1classification = an2,O
premie're

classifieation = pr4,dvo,es
qu

number of words = 1

classification =pr2,dvO,cs number of words = 1
que

classifieation = pi2 number of words = 1
quelqu

classifieation = pr1 number of words = 1
qui

classification = pr3 number of words = 1
quoi

classification = vt4pe17 number of words - 1
remettez-les

elassifieation = vt1,lc1 number of words = 1
. renverse

classification =p16
rien

number of words = 1



. classification .. pe13. cs
s

176

number of words .. 1

classification .. a06
sa

classification .. pe13
se

number of words .. 1

number of words .. 1

classification .. vi11.va11
seront

number of words .. 1

classification .. a09
ses

number of words .. 1

classification .. cs,dv5
si

classification .. nc1.0.a03
son

number of words .. 1

number of words .. 1

classification .. nc2.0.vn5
sorte

number of words .. 1

classification .. nc2.0,lcO number of words .. 1
suite

classification .. pe5.pe6 number of words .. 1
t

classification .. a05 number of words .. 1
ta

classification .. pe6 number of words .. 1
te

classification .. a08 number of words .. 1
tes

classification .. p02 number of -"ords .. 1
t1en

classification .. vnS. po7 number of words .. 1
tienne

classification· .. vn1.po2
tiens

number of words .. 1

classification .. pe7
toi

number of words .. 1



classification .. ao2
ton

177

number of words = 1

classification .. aqi.2.i,pi8.ai
tous

nu:nber of words .. 1

classification = aqi.1.i,pi8,ai,dvO
tout

number of words .. 1

classification = epO.lci
travers

number of words = 1

classification .. anO.O number of words .. 1
troisie'me

classification = peS number of words .. 1
tu

classification = in1 number of words = 1
un

classification = in2 number of words .. 1
une

classification = vi2i pe6,va2i pe6 number of words = 1
va-t

classification .. aqO.O.2,nc2.0,vi20 number of words .. 1
venue

classification = aq1.0.2 ad number of words .. 1
vert-la'

classification = vti peS.va1 peS number of words .. 1
veux-tu

classification .. aqO.O.2.vt1
Vide

classification .. nc1.0,vn12
volant

number of words = 1

nu:nber of words = 1

classification .. vt4.va4
'Ioulez

number of words .. 1

classification = pe8
vous

classification .. vn3
voyons

nlmlber of words .. 1

number of words .. 1



Classification = pe20,dv2
y

178

number of words = 1

TABLE 39

Frequency

Rank Summary of Lexical Categories

Grammatical category
--------------------

526
381
169
158
119
89
85
75
40
40
37
37
35
31
31
21
26
25
23
22
21
17
15
15
15
12
12
12
11
11
11
10
10
10

nc1.0
nc2.0
vtO
vt1
ms
vnO
vn1
leo
np2
nc1.0 ad
np1·
aqO.0.2
aqO.0.2,vtO
nc2.0 ad
nc2.0,vt1
aq1.0.2
aq1.0.0
aq1.0.2,nc1.0
vi1
aqO.0.2,vnO
npO
aq2.0.0
dvO
viO
aq2.0.2
nc1,.0,vt1
ac,nc1.0
aqO.O.O
ncO.O
nc2.0.,vn1
vn6
nc1.2
vt6
vt5



10
a
a
a
a
7
7
7
7
7
7
6
6
6
6
6
6
6
6
6
6
6
6
S
S
S
5
5
5
4
.4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
3
3
3
3
3

179

dv1
vt6,va6
vt10
vn9
epO
vt1.va1
viO,vaO
nc1.0,lcO
vt9,va9
aqO.0.2.nc1.0
vt9
lei
nC1.1
vn10
vt21 pe1S
vtO,vaO
nc2.0,vl1
aqO.O. 2, nc2.0
vt20
vtS,vaS
v.i20
aqO.0.2,vt20
vi10
aq1.0.2,np1
aqO.0.2,ViO
vn20
vt21 pe3
vi1,va1
aqO.0.2,vn1
viiS ,viliS
dv2
dv3
vt1S,vll1S
dv4
aq2.0.1
pia,ai
nc1.0,dv2, epO
vnS
vr1
vi2,vll2
vt20,va20
leO
vi10,vll10
dv6
viS
vn12

. vt1O,va10
aqO.O.1,pia,ai
nc2.0,vnO
cs,dvO



3
3
3
3
3
3
3
3
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2.
2
2
2
2
2

180

ne1.0.viO
vi6.va6
ee.
v19,va9
dv5
aq1.0.2.vn20
es
aq2.0.2.ne2.0
ne1.0.vt12 .
ne2.0,vl0,vaO
aq1.0.0.vt12
vi11
aq1.0.2.vt20
ne2.0,1co
epS
vt",va11
aq1.0.1
ne1.0,v11
pd2
pd7
vt3
aqO.0.O,ne2.0
nC1.0,l,<:1
aq1.0.2'.vt1
ne1.0,dv2,lc1
vn21 pe3
pe10
pe1 9, dv2 .epO
ncO.O ad
vt12
1e3
vt21 pe3,va21 pe3
aq2. 0.2. vt4.va4
vm1
Pe9
pe1
aq2.0.2.np2
aqO.0.1
ne2.0.vt1.va1
pe18.po9.ao14
dv2.1cO.
pe2
aqO.0.2.ncO.0
nC2.2 .

po1
vt21 pe16

. aq2.0.2.vn20
oe2.0.v120
epO,leO
es.dv7



2
2
2
2
2
2
2
2
2
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
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an1.0
at1
at2
nC1.0,v11,va1
v1s ,vaS
nC2.0,vn20
nc1.0,epO
aq2.0.1,p18,a1
aqO.O.2,v120
vt2,va2
ep4,ep7
nc1.0,v10,vaO
v13,va3
epO,dv1
vn21 peS
nc1.0,vt2,va2
vt21 pe7
ne1.0,dv1
dVO,cc
dV2,lc2
epO,dvO,lcO
epO,dvO
nc1.0,vt7,va7
aq1.0.0,nc1.0,dv2
aqO.O. 2,dv4, k.o
dV1,lc1
aq1.0.1,ne1.0,k.o
aq2.0.1,nc2.0
aq1.0.1,ne1.0
pd13
pd12
nc1.0,cc
ad1,pe14
pd1
pdS
ad4
ad2
ad3
pd9
aqO.O.2,nc1.0,vtO
aq1.0.2.dv4
aq1.0.0,nc1.0
ncO.0;vn1
aq1.0.0,vn1
aq1.0.2,nc1.0,vt20
ep1 ,ep2, ep3 , ep6
ep1,ep6
vt11
nC1.0,lcO,epO
aq1.0.0,lc1



1
1
1
1
1
1
1
1
1

j

1
1
1
1
'j

1
1
.\
1
1
i
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

182

ep3
vn2i peiS
viii
aq2.0.2,ne2.0,le2
ep2
aqO.O.2,vt20~va20

epO,vii
vrO
vi2 peS,va2 peS
pei2
vt2i pei5,va21pe15
v~12,'Va12

aq1.0··f,vt1,va1,leo
aq1r.O.O'tne2.0
aqO.O.O,ne2.0;vn1
ne2.0,vt1 ,vm1
ne1.0,vn1
aqO.O.2,vn20
aq1.0.0,dVO
neO.O,vt1
AqO.O.2,le2
aq1.0.2,vt12
aq1.0.0,ne1.0,dvO,leO
cs,epO
dn1,dn2,pe~5,pe16

dn2,pe16.
dvO,ko
nC2.0,vtO
pr6
dn1,pe1S
vn21 pe7
prS
dn3,pei7
pe11
a04 .
np2,nc2.0
dV1,vt12
ce,dvO ..
aq1.0.0,ne1.0,dv4,l'c1
piS,ai,lcO
a07
vt21 pe17
p06,
aq1.0.0,dv4
aq2.0.2,vt20
pe3
ne2.0,le2
a01 .
aq1.0.2,neO.O
ne2.0,vm1



1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

183

aq1.0.2,nc1.0,ac
po4
aq1.1.2
pe4
aq2.0.2,pi8,ai
aqO.O.O,vtO
pi1
pr11,dv2
nc1.0,dv6
aqO.O.?,nc1.0,vnO
vn1 pe5
nc2.0,p15
np1,nc1.0
vn21 pe17
an2.0
pr4,dvO,cs
pr2,dvO,cs
p12
pr1
pr3
vt4 pe17
vt1,lc1
p16
pe13,cB
ao6
pe13
v11',vi\11
ao9
cB,dv5
nc1.0,ao3
nc2.0,vn5
nc2.0,lcO
pe5,pe6
ao5
pe6
a08
po2
vn5,po7
vn1,po2
pe7
ao2
aq1.2.1,pi8,a1
aq1.1.1,pi8,a1,dvO
epO,lc1
anO.O
pe5

'1n1
1n2
vi21 pe6,va21 pe6
aqO.O.?,nc2.0,v120



1
1
1
1
1
1
1
1

184

aq1.0.2 ad
vt1 peS.va1 peS
aqO.0.2.vt1
nc1.0. vn1·2
vt4.va4
peS
vn3
p~20.dv2

---~"._..•.._--_._----------

TABLE 40

Alphabetical Summary of I,exical Cateqories

Frequency Grammatical cateqory___J.-:..__~____ _ __

12
1

. 1
1

. 1
1
2
1
l'
1
1
1
1
1
1
1

37
12

2
35
22

5
5
1
1
1

ac.nc1.0
ad1.pe14
ad2
ad3
ad4
anO~O

an1.0
an2.0
ao1
a02
a04
aoS
ao6
a07
ao'8
a09
aqO.0.2
aqO.O.O
aqO.O.1
aqO.cr.2~vtO
aqO.O.2,vnO
aqO.O.2.v10
aqO~O.2,vn1
aqO.O.2,le2
aqO.O.O.vtO,
aqO.O.2.vt1



6
2
1
7
6
2
2
3
1
1
1
1
1
1

27
26

2
1
5
2
1
1
1
1
1
3
2
2
1

25
1
1
1
1
1
1
1
1
1
1
1
1
1
1

17
15

4
2
2
1
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aqO.O.2,vt20
aqO.O.2,vi20
aqO.0.2,vn20
aqO.0.2,nc1.0
aqO.O.2,nc2.0
aqO.0.O,nc2.0
aqO.0.2,ncO.0
aqO.0.1,pi8,ai
aqO.O.2,dv4,KO
aqO.0.2,nc1.0,vtO
aqO.0.2,vt20,va20
aqO.0.O,nc2.0,vn1
aqO.O.2,nc1.0,vnO
aqO.O.2,nc2.0,vi20
aq1.0.2
aq1.0.0
aq1.0.1
aq1.0.2 ad
aq1.0. 2, np1
aq1 .0.2,vt1
aq1.0.2,dv4
aq1.0.0,vn1
aq1.• 0.0,lc1
aq1.0.0,dvO
aq1.0.0,dv4
aq1.0.2,vn20
aq1.0.0,vt12
aq1.0.2,vt20
aq1 .0.2,vt12
aq1.0.2,nc1.0
aq1.0.1, nc1 .0
aq1.0.0,nc1.0
aq1.0.0,nc2.0
aq1.0.2,nCO.0
aq1.0.1,nc1.0,Ko
aq1.0.2,nc1.0,ac
aq1.0.0,nc1.0,dv2
aq~.0.2,nc1.0,vt20

aq1.0.2,vt1,va1,lcO
aq1.0.0,nc1.0,dvO,lcO
aq1.0.0,nc1.0,dv4,lc1
aq1.1.2
aq1.1.1,pi8,al,dvO
aq1. 2.1,p18, ai
aq2.0.0
aq2.0.2
aq2.0.1
aq2.0.2,np2
aq2.0.2,vn20
aq2.0.2,vt20



3
1
2
1
2
1
2
2
3
1
3
3
2
1
1
1
1
1
1

15
1
1

10
1
1
4
2
1
4
4
3
4
8
1
1
1
2
1
1
1
1
1
1
1
2
1
1

75
4
6

186

aq2.0.2.,ne2.0·
aq2.0.1.,ne2.0
aq2.0.1.pi8.ai
aq2.0. 2. pi8. a~
aq2.0.2.vt4.va4
aq2.0.2.ne2.0.le2
at1
at2
cc
cc.dvO
es
es.dvO
es.dv7
es.dvS
es.epO
dn1.dn2.pe15.pe16
dn1.pe15
dn2.pe16
dn3.pe17
dvO
dvO.ee
dvO.1to
dv1
dv1.le1
dv1.vt12
dv2
dV2.leO
dv2.le2
dv3
dv4
dv5
dv6
epO
epO.dv1
epO.dvO
epO.dvO.leO
epO.leo
epO.le1
epO.vl1
ep1.ep6
ep1.ep2.ep3.ep6
ep2
ep3
ep4.ep7
ep5
in1
in2
Ito
leO
le1



2
119

11
2
1
1

526
40

1
12

7
3
2
2
2
1
1
1
1
2
1
4
2
2
1
1
1
1
6

10
381

31
2

31
11

6
3
1
1
1
1
1
1
2
2
2
2
1
2

21

187

1c3m.
ncO.O
ncO.O ad
ncO.O,vn1
ncO.O,vt1
nc1.0
nc1.0 ad
nc1.0,cc
nc1.0,vt1
nc1.0,lcO
nc1.0,vi0
nc1.0,vi1
nc1. 0, lei
nc1.0,epO
nc1.0,dv1
nc1.0,vn1
nc1.0,dv6·
nc1.0,a03
nc1.0,vt12
nc1.0.vn12
nc1.0.dv2.epO
nc1.0.dv2.1c1
nc1.0.vi1.va1
nc1.0.vi0.vaO
nc1.0.vt2.va2
nc1.0.vt7.va7
nc1.0.1cO••pO
nC1.1
nC1.2
nc2.0
nc2.0 ad
nc2.0.1<0
nc2.0.vt1
nc2.0.vn1
nc2.0.vi1
nc2.0.voO
nc2.0.vtO
nc2.0.1c2
nc2.0.vm1
nc2.0.pi5
nc2.0.vn5
nc2.0.1cO
nc2.0.vi20
nc2.0.vo20
nc2.0.vi0.vaO
nc2.0.vt1,va1
nc2. 0. vt1. vm1
nc2.2
npO



37
1

40
1
1
1
1
2
1
2
1
2
2
1
1.
1
1
2
2
2
1
1
1
1
1
1
1
1
2
1
1
1
4
1
2
1
1
1
1
1
1
1
1
1
1

15
7

23
5
6

188

np1
np1,nc1.0
np2
np2,nc2.()
pd1
pd12
pd13
pd2
pdS
pd7
pd9
pe1
pe10
pe11
pe12
pe13
pe13,c8
pe1S, PQ9, ao14
pe19,dv2,epO
pe2
pe20,dv2
pe3
pe4
peS
peS,pe6
pe6
pe7
peS
pe9
pi1
pi2
pi6
piS,ai
plS,al,lcO
poi
po2
po4
po6
pr1'
pr1.1,dv2
pr2,dvO,C8
pr3
pr4,dvQ,c8
prS
pr6
viO

. v'10,vaO
vl1
vii ,va1
vl10



189

4 vii O,va10
2 viii
1 viii ,va11
1 vi12
4 vi15,va1S
1 vi2 pe5,va2 pe5
4 vi2,va2
6 vi20
1 vi21 pe6, va21 pe6
1 vi3,va3
4 vi5
2 Vi5,vas
3 vi6,va6
3 vi9,va9
2 vm1

89 vnO
85 vn1

1 vn1 peS
1 vn1,po2
6 vn10
3 vn12
5 vn20
2 vn21 pe3
1 vn21 pe8
1 vn21 pe7
1 vn21 pe1S
1 vn21 pe17
1 vn3
4 vn5
1 vn5,po7

11 vn6
8 vn9
1 vrO
4 vr1

169 ~O

6 vtO,vaO
158 vt1

1 vt1 pe5,va1 peS
1 vt1,le1
7 vt1,va1
8 ~10

3 vt10,va10
1 vt11
2 vt11,va11
2 vt12
1 vt12,va12
4 . vt15,va15
1 vt2,va2
6 vt20
4 vt20,va20
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5 vt21 pe3
1 vt21 pe7
6 vt21 pe15
2 vt21 pe16
1 vt21 pe17
2 vt21 pe3,va21 pe3
1 vt21 pe15,va21 pe15
2 vt3
1 vt4 pe17
1 vt4,va4

10 vt5
P vt5,vas

10 vt6
8 vt6,va6
7 vt9
7 vt9,va9
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