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ABSTRACT

We discuss in this paper the possibility of modeling contez-
tual variation and effects of speaking rate at a symbolic level.
Contestual deformations of speech are described in a speech
event-synchronized way rather than in the traditional time-
synchronized way. Our objective is to compile dictionary pho-
netic transcriptions, together with contest models, to produce
a symbolic representation of speech in which contezt defor-
mations and speech rate variations are taken into account by
an esplicit context-dependent model to enhance a continuous
speech recognition system. We describe a model which takes
ezplicitly into account the influence of contertual deformations
as well as the rate of speaking in the continuous speech recog-
rition. When tested on a 400 french words vocabulary, pro-
nounced by three male and one female speakers, we found the
use of our model leades to improvement in the recognition rate,
especially for speaker independent mode.

Keywords : Continuous speech recognition, Conieztual
deformations, speaking rate.

1. INTRODUCTION

Phonetic content of speech is generally specified using a sym-
bolic description called phonetic transcription. However, this
transcription does not contain contextual influence of articu-
lation, possible liaisons between words, neither the effects of
speaking rate. The main causes of the phenomenon are:

o the speaker tendency to reduce his uttering effort,

o the inertia of his phonetical system.

Contextual deformations and the rate variability are the main
sources of error for continuous speech recognition systems that
use phoneme as basic recognition unit. To deal with the first
problem, some solutions have been proposed using context de-
pendent phone models, contextual dependent Markov models,
phonetic triplets or artificial neural networks [1, 2, 3, 4]. It has
been shown that modeling phonetic context improves speech
recognition accuracy. In our view, speech is materialized as
images which are the representation of symbols in a parame-
ter space. Contextual deformations can be modelized at two
levels: parametric or symbolic level. Basically, existing mod-
els which include context are stochastic models that take into
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account implicitly the influence of contextual deformation and
are defined on speech parameter spaces. These parameter level
models imply limitations on:

a. Model accuracy: due to statistical assumptions on the
models.

b. Model trainability: due to large amount of data necessary
for training the models.

c. Recognition time: due to the large quantity of data to
compute.

In order to get obviate these limitations we propose to model
context at the symbolic level and we have chosen in our model
to take it explicitly into account. Our approach describes con-
textual deformations of speech in an event-synchronized way
by phonemic symbols.

With regard to the second problem related to the rate of
speaking, it seems that a rapid rate has the tendency to cause
the disappearance of the frontiers between successive phonetic
units and thus complicates considerably the automatic speech
recognition. However, attempts to resolve this problem are still
very modest [5, 6].

We introduce in section 2 the detailed principle of our model.
Then we describe in sections 3 and 4, respectively the applica-
tion and the implementation of the model to improve the per-
formances of our continuous speech recognition system VINICS
(7, 8, 9]. Finally, experimental results regarding the integration
of the model within this system are presented and discussed in
section 5.

2. PRINCIPLE

2.1 Basic deflnitions

Let V be the set of french vowels, T = {/A/, /O/, /I]/} asub-
set of V and /n/ denote any element of T. Let D(.) be the dis-
tance measure function {obtained by a time warping function
using a dynamic programming technique) and Sim(.) a similar-
ity function which represents the similarity between two vowels
defined as follows: Vvi,v2 € V Sim(v1,v2) = n—T—Df,m. For
M realizations of every vowel /n/ € T and N realizations of
any vowel v € V' the Sim(.) function of order k is written as :

Stmi(v, [n/) = %Zﬁl Stmy(v, /n/;) with : k € {1, N]
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Stm(.) is a continuous random variable, therefore, it obeys
the Laplace-Gauss law known as the “Normal law” with mean
p and standard deviation 0. We can estimate these two pa-
rameters in the following manner :

wiar() = F Ty (Fy 52, Simu(v, /n/5)
and o}, (v) = § T, (G Tjaa Sime(v, /n/5) — by ()Y

Let “Ref” be the vowel corresponding to a phoneme in a sen-
tence pronounced several times and at different speeds by a
single speaker. Ref will be used as a reference to define any
other vowel in the (F1,F2) plane. Since vowels are most in-
fluenced by contextual deformations, we assume that the con-
textual influence is produced by the sequence of vowels to be
articulated. We assume therefore that a preprocessing step is
introduced to remove all occurrences of non-vowel symbols in
word transcriptions.

2.2 Problem formulation

For @ pronunciations, at different speeds, of vowel Ref and
for M realizations of every vowel /n/, we have computed the
set of similarities: Q,;,; = {Simi(Ref, /n/)/eef1.q1} a8 well as
the mean p/,,(Ref) and the standard deviation o,;(Ref) of
these similarities.

Let (before, X, after) be a triplet of phonemes, pronounced
at aspeed T, with X € V. Our goal is to predict how the vowel
X is pronounced when placed in this context. There exists a
relationship between the two vowels X and Ref (figure 1) which
may be written as follows [10]):

Sim(X, /n/,T) = Sim(Ref, /n/,T) + Ry (X,T) V/n/€T (1)

with R(X, T) a correction vector composed of three elements
(depending on the value of the vowel /n/). Since there are M

rE‘l

F2

Figure 1: Position of the vowel X in the (F, F3) plane.

realizations of vowel /%/ and Q realizations of vowel Ref, equa-
tion 1 is written as :

7 L, Sim(X,/nf;,T1) =

B Y (5 T2, Sima(Red, /n)5 YD) 4Ry (X,X) ¥/n/€T
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2.2.1 Computation of Sim(Ref, [v/,T)

Using the set of similarities §2;,; we can plot for each of the
three vowels /n/ € T the curve representing the similarity as a
function of speed. Each of these curves is a succession of line
segments, from each line segment we can establish an equation
representing Sim(.) as a functior of Y. Suppose that the speed
of a speaker has a given value T1. First we locate the line
segment containing this speed, then we replace T by T1 in the
equation of this line segment, finally, depending on the vowel
/n/, we obtain the three values of the similarity function which
are denoted by 8/,/(Ref, T1), i.e. :

S'im(Ref, /A/,Tl) =a1*T146 = ﬂ/A/(Ref, T])
Sim(Ref, [0/, T1) = a2+ T1 + b2 = B0/ (Ref, T1)
Sim(Ref, [I/,T1)=a3«T1+bs = ﬂ/]/(Ref,Tl)

where a1, b1, a2, b2, 43, b3 are obtained according to the line seg-
ment in which is located the speed T1.

2.2.2 Computation of the correciion vector

In the previous section the three values of the similarity func-
tion were computed as functions of speed T1, therefore equa-
tion 1 becomes :

Sim(X, /n/,T1) = By, (Ref, T1) = Ry (X, T1) V/nfeT (2)

From a theoretical point of view, given a curve represent-
ing a Laplace-Gauss law, it is possible to calculate for each
point “c” of this curve its abscissa by the following formula
: “abscissa of ¢ = p + ca” [11]. The similarity function is
normally distributed, and can therefore be represented by a
Laplace-Gauss curve, the x axis of this curve represent the dif-
ferent values of similarities. Since an element of the correction
vector is a similarity value, it can be calculated using the above
formula as a function of the mean and the standard deviation
[10):

&,,,(X,‘Il) = p/,’/(Ref) + V/"/(X,Tl)dl,,/(ﬂef) V/infeT (3)

where V,,,(X,T1) is a constant depending on the vowels
X and /n/ and the speaking rate T1.

3. APPLICATION

Our problem is to characterize vowel X in the context (before,
after), at this speed and to find out how it is pronounced. Thus
we compute the similarity of X with each of the vowels /n/ € T,
we denote the values obtained by a;,;(X,T1). Replacing in
equation 3 the similarity Sim(X, /n/, T1) by its value, we get

a/'l/(X:Tl) - ﬁ/q/(Ref, Tl) =

BinjRes) + Vint (X, TV)oym,(Ref) Via/ €T  (4)

We denote the left term of equation 4 by @(;n/ res)(X,T1).
From this last equation the vector V,,;(X,T1) is deduced :

D /ns,ret)(X, T1) = payny (Ref)

Vi (X, T1) = 0 gy (Ref)

Y/n/ €T (5)
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Figure 2: The architecture of our model and its connection to the VINICS system.

Deperding on the value of the vowel /n/ and the speed Y1,
the vector V;,/(X, T1) can be written as :

Sas Rep)( X, T )~pyp s (Ref)

osa/(Ref)
%(/04.Re)(X,T1)=p /0 (Ref)
as0/(Ref)
(/17 Reg (X, T1)~p /1 ,(Ref)
osry(Ref)

V(X,T1) =

This three component vector characterizes vowel X in this
context when pronounced with this speed. To compute this
vector we use the “Delta module” of our model {10]. Once
this vector computed, it remains to find out to which vowel
it corresponds and then state that X in this context is that
vowel. To this purpose a training phase is required in order to
determine for each vowel the corresponding vector V.

The training step has been carried out (for the speed “10.28
phoneme/s”) by the “Training module” of our model, and two
tables were obtained [10]:

¢ a table giving for every vowel the similarity function,

e a table giving for every vowel the vector V called “refer-
ence table” .

4. IMPLEMENTATION

We have a labeled data base , from which we determined all
the triplets of the type (pk, w, ph) where “ph” is any phoneme
and “w” a vowel. We compute for each vowel “w” the value of
its vector V. The idea consists therefore in finding a vowel “v”,
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using the reference table obtained by the training step, yielding
a V the closest to the one computed for the vowel “w”, i.e. :

o" = argming Y _ [V (w,T) = Vyry (o, T)|| ¥/n/ €T (6)
In/

After doing this step for all the triplets, we get a table whose
first and second columns respectively represent the possible
triplets of the data base and the pronunciation of the vowel in
the middle of each triplet. We call this table “table of triplets”.

This work was done for the speed “10.28 phonemes/s”, by
the model and using the resulting table of triplets we changed
the grammar [12] of VINICS. Figure 2 shows the architecture
of the model and its connection to this system.

5. EXPERIMENTATION

To construct the table of triplets by the model we used a first
labeled corpus (corpus-1) consisting of 47 sentences pronounced
by a male speaker. To test the integration of the model into
VINICS we used a second corpus (corpus-II) which consists of
400 words vocabulary representing country names. This corpus
was pronounced by three male and one female speakers.

The results obtained by our model using corpus-/ are pre-
sented in three tables [10] :

o a table giving for each vowel in the middle of a triplet the
three values of the similarity function with respect to the
three vowels of the set T,

® a table giving for each vowel in the middle of a triplet the
vector V,
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ref, speaker | test speaker | to recognize | recognized | recognition rate(%) |
ph g 168 70 41.7
speaker ph tp 121 93 76.9
without independent nc ¥g 168 58 34.5
the model tp YE 168 67 39.9
speaker Y Yg 168 156 92.9
dependent tp tp 121 118 97.5
jph VE 168 88 52.4
speaker jph tp 121 96 79.3
with independent nc Y& 168 75 44.8
the model tp Y& 168 78 46.4
speaker Yg yg 168 163 97.0
dependent tp tp 121 118 97.5

Table 1: Results table.

e a table of triplets.

Using this table of triplets we compiled the dictionary of pho-
netic transcriptions for VINICS with the model and we got
a symbolic representation of speech which takes into account
contextual deformations and speaking rate in form of a new
grammar. The system was tested with this new grammar us-
ing corpus-II. The results are shown in table 1.

This table indicates for each test the reference speaker, the
test speaker, the number of words to be recognized, the number
of words recognized, as well as the recognition rate given by
the VINICS without and with integration of the new model.
From this table we see a clear improvement of the recogni-
tion rate after integration of the model, especially for speaker
independent tests. This improvement would be larger if the
system be tested with longer sentences since the coarticulation
and context effects would be more important.

Qur objective is now to carry out the same process for dif-
ferent speeds and to obtain several tables of triplets. Using
these tables we will get a large number of grammars according
to the speaking rate. To apply this to VINICS we have to do
the three following steps (figure 3):

o for each new speaker, compute his speaking rate,
¢ load the grammar corresponding to this speed,

¢ using this grammar for recognition.

( Speech Speaking rate _{ P }
! C.D.PM
VINICS 4 Recognition

Figure 3: Recognition taking into account context and
speaking rate.

6. CONCLUSION

We have presented in this paper a phonetic model which takes
explicitly into account the contextual deformations and the
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effects of speech rate variability in continuous speech recog-
nition. The first experimentations are encouraging, since the
results obtained with the VINICS system using this model indi-
cate a recognition rate improvement. The influence of speaking
rate and contextual variations is therefore experimentally con-
firmed. Work is going on to extend our model using different
speech rates and to test it on larger vocabularies.
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