
��������	
���������	��

�����	����������	

����������	
��������	��


��������	����

ISCA Archive
�����  !!!"�#��$#�����"��� �����%�

��������	
���������	��	
�����	�����������	����������	
��������	���	
��������	���� 1116

-~--~-~.E.~.H. ....... R.~_G..Q.G .. ~.!J;.J_Q_N __ JHt~ .. ~-R-.. Q .. N ......... ~_:e.~.~-9-H ...... JlJ~ .. J. . ..'J..: .. ?. .... ~--

G. ZANELLATO 

Faculte Polytechnique de Mons, Bvd DOLEZ, 31 B-7000 MONS ( BELGIUH ) 

~JJ.J1M.AR.X 

In a classical guantization system, each vector is represented by 
the nearest centroid. But it is impossible then to distinguish two vectors 
belonging to the same class. In order to mitigate this disadvantage, we 
have taken into account the two nearest neighbours and also a "belonging 
degree" calculated from the distances between the vector and the two 
centroids. In the case of speaker independent speech recognition system, 
this "fuzzy" quantization gives better results. 

For the recognition of large vocabularies, it is usual to perform a 
phonemic segmentat1on and then to achieve the matehing on the obtained 
sequence. But it is very hard to set up a good modeling for the phonemes. 
Nevertheless, we can take into account elementary components of the 
phonemes, for which simplest models may be used. We investigate a set of 
100 "acoustic units" that have been defined from the centroids of the 
fuzzy quantization. The results we obtained are very attractive. 

t!-J1!1 .. R.Q..P.J!~1JJ~.H..! .. 
The experience of our laboratory mainly refers to iso1ated word 

speaker dependent and speaker independent recognition1 in the case of 
small vocabularies. Neverthe1ess, we propese a new metnod allowing to ap­
proach the recognition of isolated words { large vocabularies ) in a spea­
ker independent way. This principle ffiay possibly be used for the recogni­
tion of small sentences or even for cont1nuous speech recognition. 

The experimental conditions are the follow1ng : 

anti-aliasing filter cut-off frequency = 4625 Hz. 
sampling r~te.= 1~000 Hz: ; 
pre-empfiasls . « - 0.95 , 
rram~ size = 300 samples + Hamming window 
shift between frames = 100 samples ; 

. number of poles of the autocorrelation analysis : p = 12; 

The available data base is composed of 100 versions (from 100 different 
speakers) of 20 isolated french words ( 10 digits and 10 control words ). 

~---~ ...... IY.1.~X. .... ~Jll~1!.Z.~I.!.Q.N ...... ~.B.J~~lf..~~..!-
In order to hold a better image of the position of a SQectral vector 

(SV) in the acoustic space, we have developea a new method for the vector 
qua.ntization : 

in the "classical" quantization, each frame is represented by the class 
number of which the center of gravity (CG) is the nearest. But it is 
possible to join to this class number a so called "belonqing degree" that 
will characterize the remoteness between the SV and the CG ; moreover, we 
will take into account the two nearest classes. 

So, each SV X J is quantized by 4 numbers : the two nearest neigh­
bours (C 1 and C 2 ) and the respective belonging degree (or probabilities) : 

where 

d(Xs,C2) 
a t = 

d(X J,C d + d{X s,C z) 

C 1 is the nearest CG of Xi ; 

and 

Cz 1s the second nearest CG of Xj ; 
d(.,.) is the ITAKURA distance [l] between two SV . 

One of the criteria used to define the guality of a quantization is 
the -measure of the total weighed distortion ( r ) ; its expression is gi­
ven by ( where N 1 is the number of elements be·longing to class i and N 
is the number of classes ) : 

D T = 
N 

N l 
E { ----- E d(X s(i),C d * a (XJ

1(i) } 
i=l N 1 XjE{i) 

We shared a spectral space of 52.580 SV ( 50 Versions of the voca­
bulary )in two wavs.On the first hand, with the binary-splitting algorithm 
( 128 classes : nB? ) [21, on ~~e secondhand, with the proposed method 
i 100 classes : ÖSlOO ). In the t1rst case, the value of Dr 1s 0.52 and 
0.43 in the second one . 
.!-··-··--··-----··--··-··--·-----... ·-····--····-.--... --···-·· ............ -................ ----·· ... --...... --.............. _. ___ ... -.................. ._ ..... ,._ ....................... _ ....... ---·-·------·-.. ----·--·-··-··-··--··--··-··-·-·-···-----··----
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The influence of this method has been tested also at the recognition 
level. In the case of a speaker-dependent system, there is no change in 
the results ~ ~99% ). In the case of a speaker independent system, based 
on the model1zation by probabilistic automaton, we used two kinds of 
models : the "Classical Markov Models" [51 (case 1 ), and those for which 
there is no transition matrix ( we define two sub-state for each state of 
the model ) but the "showing up" probability concept [6] ( case 2). 

In each case, 50 versions (Tl) have been used for the training of 
the models and 50 different versions (T2) uttered by 50 new speakers, only 
for the tests. The results are shown 1n the following table ( numoer or 
recognition errors for 1000 tests ) : 

QB7,case QSIOO,case QB7,case 2 QSlOO,case 2 

Tl 
T2 

9 
34 

11 
20 

6 
37 

6 
17 

Those results show directly the interest of the proposed quantization 
method for the speaker independent applications. 

1.! __ ....... KECQ~~.liJ..9.1tJL~.!~.LS P~~~lL.!J~.l1~-~-
~-~.!-!.. __ ..!.N!J3.QP..V..G.1'J_Q..tt~ .. 

When the size of the vocabulary increases, it is generally agreed to 
use a ~honemic approach for the speech recognition. Onfortunately, this 
well-known method aoes not give good results; this mainly is due to the 
fact that the acoustic sharp of a phoneme is essentially warping and wi­
dely influenced by the phonem1c context in which it takes place. 

It is xet possible to imagine a phoneme as being composed of a 
sequence of elementary sounds" (ES), each of which be1ng produced by a 
sequence of different articulatory configurations of the vocal track. But, 
we can consider that it exist a one-to-one correspondence between a given 
position of the vocal track and the position of a SV in the spectral 
space. Then, the sequence of SV representing an ES draws a path in the 
spectral space; this path may run across several classes. Different paths 
may correspond to the same ES. Our objective is to modelize those paths; 
thei.r set will be called a "speech un1t" (SU); this one may then be seen 
as the image of an ES. Moreover, sequences of different ES may correspond 
to the same phoneme used in different context. 

It follows that the choice of the elementary components of a phoneme 
as base units for the segmentation and the recognition represents an 
~ttra~tive solution. It is also interesting to he ab)R to determine auto­
matically those SU. Tothis end, we uae, as base for the SU, the 100 cen­
troids obtained by the quantization of the spectral space described above. 
· In brief, this principle allows to segment a vocal signal into a 
sequence of SU. Those units share the spectral space into "areas" charac­
terized by centroids obtained by vector quantization. Actually, each area 
m~y 9verlap others; they agree w1th a larger concept than the one of quan­
tlzatlon class. 

~-~--~-.! .... J:f.Q_Q~.~.!.~-~.1.1Q~ ..... 9.f. ___ +..H.~ ....... ~f..E.E.GJ:.t_JL~JI.~-~-
~-~--~--~--l. .. ~ .... -~J!.I1._t~.1.1AI .. +.9.N .. ~-

The probabilistic model we retained for a SU is shown in the follo­
wing figure. The first state characterizes in the best way the sound cor­
responding to the given SU , i.e. it can be seen as an image of the area 
of the spectral space corresponding to this SU , and the second one cha­
racterizes a sound as "far" as possible from the one represented by the 
first state; it is, in fact, the complementary area, with regard to the 
spectral space, of the one associated with the first state. 

z 

6 
The thing is to determine the production matrices ( there is no 

transition one ) . The production probability b 1{u .> of a class k by 
the first state of a model is determ1ned in the following way : 

t•) We use all the quantized SV for which the C 1 corresponds to the SU 
we want to modelize ( for instance, the SU J ). 

2 .. ) Each one of those vectors is regarded to be a part of the class ,J for 
an amount equal to its belonging degree a 1 to this class. 

3•) The sum or those a 1 represents the 'amount" ( real value ) of SV 
allocated to class J . 

4") We also take into account the C 2 ( class L ) and a::: of each one 
of t.he_ SV_ deti n.ed_i n l.~ ) . 

5D) Foreach class L, we sum the respective a 2 , what furnishes the 
"amount" of SV allocated to this class, for the model of SIJ J . 

6°) The sum of all those "amounts" ( for all the used classes ) is equal 
to the nurober N of SV defined in lo ). 
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7•) The ratio between the "amount" Qk attached to the c1ass k and the 
number N gives the "production probabi1ity" of the class k in the 
first state of the model ef the regarded SU. s·) The value ef the prebability attached te the classes never "used" is 
half ef the lewest prebability determined in ~eint 7•). 

9•) We weight all these prebabilities, in eraer to assign a given va1ue 
( e.g. 0.9 ) to the production probability of the class corresQonding 
te tfie SU we had mode1ized i.e. the class J for the SU J ). In 
th~s case, the sum of the probabi1ities related to a given state is 
un1tary anymore. 

The preductien prebability vector b 2(u k) asseciated te the secend 
state ef the medel is calculated from the first ene : 

b :z( u k) = l - b 1 ( u k) k = 1 , 2, .•• , 1 0 0 . 

We have then determined the initial preductien matrix. 

1.t..~_._4..!.__T R~JJ:!J NG..!.. 
~--~..?...!...?_!_!..!._J.~J;.Q.QQ N ~1I91L_Q..f. __ g.Q Nt{~.~!];.!L WO..B.P..§. .. ~ .. 

The signal we want te recegnize is composed ef a seguence of "werds,. 
( or SU ) in any erder. It is then necessary te matcn it with a11 the 
reference medels, and that must be dene frem the beginning te the end of 
the signal. But, the use of the 100 centreids as base fer the SU presents 
an important advantage : the matehing will be performed only w1th the 
models of the SU real1y presents in the signal ! ( moreever, we precess 
only about 15 frames at a time ). Fer instance, 1f the signa1 has the 
fo1lowing form ( for the nearest neighbeur enly ) : 

17-34-34-31-34-34-34-34-34-52-17-58-58-61-14-32-14-14, 

then the models to be used for the recognition will be those of the SU 
14, 17k 31, 32, 34, 52, 58 et 61, i.e. eight models instead of 100 ! 

!he first purpese is te natermine the models ef SU te be used, then 
we have to execute several times a kind of Viterbi algorithm { there is 
one fer each retained SU ( see follewing figure )). In each "VITERBI 11

, we 
have to determine the max1mum probabilltX with which we reach the second 
s tat e. Tha t me ans we ha ve t o exe cu t e a back-t rac k i ng" 0:.!. .... ~-?-~.h ... ti;.?..~.f- .o f 
the signal ~ for each model ). We consider that we are l1v1ng tne mooel 
when we are 'leoping" for at least three times in the second state. 

In the above figure, t.he backt.racking performed from the frame t t is 
such that we may consider still being in the model, ~ut at.the frame t2, 
we may consider we are living it (we have chosen 3 runn1ng po1nts). 
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We note the value of the maximum probability obtained in (t 2-3), 
i.e. at the moment we "live" the model. We perform the same determ1nation 
of optimal path for all the models of SU ( the t 2 will be different ) and 
we choose as "recogni zed" the one that in i ts own ( t 2-3) gi ves the highest 
maximum probability. Let's suppose t 2• being this frame. We cut out the 
frames l until (t 2*-3), i.e. those that, in the determination of the opti­
mal path, have been assigned to the first state of the "recognized" model. 
Then we start again the same processing on the fifteen frames following 
(t :z*-3), in order to determine the next SO. 

Finally, we obtain, for the whole signal, a sequence of SU ( let's 
suppose 34 - 58 - 14 in our example ) that represent the segmentation of 
the ward into SU. 

~-~-!..f ... ~--~.!._ • .i!RA.lt~T.ER~-~A LCJJ LA1.I.Q.~-~-
The SU models will be trained by a set of 1000 isolated words 

segmented into sequences of SU. 
Marking the initial SV groups associated to each SU of each se­

quence, allows an easy determ1nat1on of the production probabilities of 
the first state of each model. Nevertheless, we have to take into account 
that the contribution of each SV is equal to its "belonging probability" 
to the regarded class. For instance, 1f a SV assigned by the training to 
the first state of the SU model n· 30, is quantized 1n the following way : 

Cl : 17 al : 0.8 et C2 : 21 a2 : 0.2 , 

then, the contribution of this vector is such that the "amount" of the 
class 17 is increased of 0.8 and the one of class 21 is increased of 0.2. 

We take care that any probability has a zero value and then we 
weight them as explained above. 

The probabilities of the second state are calculated from those ones. 

~..!. .. ~-~-f..R.Q_tj ___ lH.~ .......... §!! _____ TO .... 1Hl! .. _PH Q.t!..~t1E $...! .. 

The secend part of the proposed method is related to the identifica­
tion of the phonemes from the obtained sequences of SU. 

We can consider that a phoneme is composed of a seguence of SU dra­
wing a path in the the spectral space. The coarticulat1on effect drives 
this path across severa1 SU, in regard with the different pronunciations. 
Taking into account all the possible sequences allows to create a phoneme 
model. This one will be tra1ned by a set of SU, as well as the SU models 
were trained by a set of SV. 

In order to determine the sequence ( or sequences ) we use again 
the words of our data base. Each word of the vocabulary is modelized by a 
probabilistic automaton composed of a number of states equal to the number 
of phonemes of the word. The training of those automatons will be perfor­
med using the words that have been segmented into SU, in order to deter­
mine, for each state, a SU production probability vector. We forecast that 
after this training, each state of a model will be specialized in the pro­
duction of a phoneme ( i.e. a sequence of SU ). 

In brief the proposed methodology consists to forecast a middle 
stage before t~e segmentation of a word into phonemes. The main interest 
is a total automatization of the processing. 

The recognition of a word is now performed in the fo11owing way : 
the signal is at once segmented into speech units, performing a mat1ng 
with the predefined SU models; then the sequence of obtained segments is 
pro~essed by the automaton representing each of the vocabulary word. The 
recognition decision is taken at that po1nt. 

-~ .. ~ ... 4 ... ~ ...... R~.-~.!J.LI .. S .. 
A set of 1000 words (50 versions) has been us~d for the training of 

the SU models g_l]_Q of the words models; the error rate is then: 

l % ( 10 errors if we use the sam words as tests 
2% ( 19 errors if we use 1000 new words ( 50 n~~ speakers ) . 

. ~...!,_JllJU!I QG R~PH.L.. 
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