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Abstract. In articulatory phonetics speech is described as a sequence of distinct articulatory gestures, each of which produces 
an acoustic event that should approximate a phonetic target. Due to the overlap of the gestures these phonetic targets are 
often only partly realized. 

Atal (1983) has proposed a method for speech coding based on so-called temporal decomposition of speech into a 
sequence of overlapping target functions and corresponding target vectors. The target vectors may be associated with ideal 
articulatory positions. The target functions describe the temporal evolution of these targets. This method makes no use of 
specific articulatoty or phonetic knowledge. We have extended and modified this method to improve the determination 
of the number and the location of the target functions and to overcome the shortcomings of the original method. With these 
improvements temporal decomposition has become a strong tool in analysing speech, from which researchers working on 
speech coding, recognition and synthesis may profit. 

Zusammenfassung. In der ~. tikulatorischen Phonetik wird die Sprache als eine Folge einzelner Artikulationsgesten beschrie- 
ben, die jeweils ein akustisehes Ereignis zur Folge haben, das eine Ann~iherung an ein phonetisches Ziel darstellt. Aufgrund 
der Oberlappung der Gesten werden diese phonetisehen Ziele oft nut teilweise verwirklicht. 

Atal (1983) hat eine Methode zur Sprachcodierung vorgeschlagen, die auf der sogenannten Temporalen Dekomposition 
der Spraehe in eine Folge von iiberlappenden Zielfunktionen und den entsprechenden Zielvektoren beruht, Die Zielvekto- 
ten kOnnen idealen Artikulationsstellungen zugeordnet werden. Die Zielfunktionen beschreiben den zeitlichen Ent- 
wicklungsverlauf dieser Ziele. Bei dieser Methode werden keine spezifischen Artikulations- oder Phonetik-Kenntnisse 
angewendet. Wir haben die Methode erweitert und abge~indert, um die Bestimmung yon Anzahl und Position der Zielfunk- 
tionen zu verbessern und die Naehteile der urspriinglichen Methode zu umgehen. Durch diese Verbesserungen wurde die 
Temporale Dekomposition zu einem wertvollen Hilfsmittel in der Sprachanalyse, wovon Forschungen in der Sprachcodie- 
rung, -erkennung und -synthese profitieren werden. 

R~sum~. En phon~tique articulatoire, la parole cst d~crite comme ~tant une s~quence de gestes articulatoires distincts. 
produisant un ~v~nement acoustique qui devrait se rapprocher d'une cible phon6tique. Du fait du recouvrement des gestes, 
ces cibles phon6tiques ne sont souvent atteintes qu'en partie. 

Atal (1983) a propos6 une m6thode permettant le codage de la parole, bas6e sur ce que I'on appelle la d6composition 
temporelle de la parole en une s6quence de fonctions-cibles de recouvrement et de vecteurs-cibles correspondants. Les 
vecteurs-cibles peuvent 6tre associ6s ~ des positions articulatoires id6ales. Les fonctions-cibles d~crivent l'6volution tem- 
porelle de ees cibles. Cctte m6thode ne requiert pas de connaissances articulatoires ou phon6tiques particuli~res. Nous 
l'avons 61argie et modifi6e pour mieux d6terminer le nombre et la position des fonctions-cibles ainsi que pour corriger les 
d6fauts de la m6thode originelle. Grhce/t ces am61iorations, la d6composition temporelle est devenue un outil robuste pour 
I'analyse de la parole, dont pourraient b~n~ficier les chercheurs travaillant au codage, '~ la reconnaissance et "~ la synth~se 
de la parole. 

Keywords. Temporal decomposition, target positions, speech analysis. 
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1. Introduction 

Artict, latory phonetics is based on a descrip- 
tion of .speech as a sequence of overlapping ar- 
ticulatory gestures. Each gesture produces an 
acoustic event that should approximate a phonetic 
target. Adjacent gestures overlap one another, re- 
suiting in the characteristic transitions between 
phonemes that can be observed in almost any 
parametric representation of the acoustic speech 
signal. Due to coarticulation and reduction in 
fluent speech a target may not be reached before 
articulation towards the next phonetic target be- 
gins. It has long been assumed that such targets 
cannot be determined from the acoustic signal 
alone, detailed knowledge of the production of 
all component phonemes being required before 
the speech signal can be "'decoded" (Liberman et 
al., 1967). 

Atal (1983), however, has proposed a so-called 
temporal decomposition method for analysing the 
speech signal without recourse to any explicit 
phonetic knowledge. This method takes into ac.- 
count the above articulatory considerations and 
results in a description of speech as a sequence of 
overlapping units of variable lengths and located 
at non-uniformly spaced time intervals. 

The temporal decomposition method was de- 
veloped for economical speech coding: Atal did 
not attempt to interpret the possibly phonetic 
meaning of the units. Subsequent work on tem- 
poral decomposition, however, focussed on the 
possibilities with respect to a phonetic interpreta- 
tion of the units (Marcus and Van Lieshout, 1984; 
Niranjan and Fallside, 1987). Also, applications 
in the field of speech synthesis were reported 
(Chollet et al., 1986; Ahlbom et al., 1987; Bimbot 
et al., 1987). 

The current research developed along the lines 
of Marcus and Van Lieshout (1984). They 
realized the possible applications of temporal de- 
composition in the field of automatic speech 
transcription or recognition, but also reported 
quite a few shortcomings from which the method 
still suffered. The objective of this paper is to 
propose some improvements and extensions to the 
original method to overcome these deficiencies. 
Although some of our choices are initiated by our 
future intentions with temporal decomposition, 

namely to derive phonetic information from the 
acoustic signal in an objective way, these modifi- 
cations will also be favourable for other possible 
applications of this technique. As this paper aims 
at providing precise information about the way 
these modifications are implemented, we will 
start with presenting a rather detailed summary 
of Atal's original method as far as we need this 
for describing the modifications. 

2. Temporal decomposition 

Atai (1983) assumed that, given some suitable 
parametric representation of the input speech, 
coarticulation can be described by simple linear 
combinations of the underlying targets. This 
makes it possible to investigate speech using well- 
developed methods from linear algebra. Suppose 
that a given utterance has be n produced by a 
sequence of K movements aimed at realizing K 
acoustic targets. Let us denote the speech 
parameters corresponding to the kth target by a 
target vector, a(k), and the temporal evolution of 
this target by a target function, q~k(n). The frame 
number n varies between 1 and N and is a discrete 
index of time. Atal's assumption is that we can 
approximate the observed speech parameters, 
y(n), by the following linear combination of target 
vectors and functions 

~(n) = ~-" a(k)qgk(n), 1 <<- n <~ N, (1) 
k = l  

or, in matrix notation 

Y = Acb. (2) 

ie and p(n) are approximations of the observed 
speech parameters. The set of acoustic parame- 
ters chosen by Atal to describe the speech signal 
y(n) are the log-area parameters. These parame- 
ters have a close relationship to the positions of 
the articulators, vary slowly in time and show a 
high mutual linear dependence, which makes 
them eminently suited for temporal decomposi- 
tion (Van Dijk-Kappers, 1988b). These parame- 
ters are derived from the tilter parameters of an 
LPC analysis; the source parameters do not play 
a role in temporal decorr~position. 

Speech ('ommunication 



A.M.L.  van Dijk-Kappers, S.M. Marcus / Temporal decomposition 127 

In equations (1) and (2), both the target vec- 
tors and functions are unknown and in order to 
find a suitable solution we have to impose some 
boundary conditions on the target functions 
~ ( n ) .  Each q~k(n) should be non-zero only over 
a small range of time. Furthermore, at every in- 
stant in time only a limited number of target func- 
tions may be non-zero. For a moderate speaking 
rate the number of speech events varies between 
10 and 15 per second, so we should expect about 
13 target functions to be present in a time interval 
of 1 second. Given these restrictions, we will,solve 
equation (1) for the ~k(n); after that, the optimal 
acoustic target vectors can be computed. 

Equation (1) can be inverted to give the kth 
target function ¢~(n) as a linear combination of 
the speech parameters yi(n) 

I 

~(n) = ~ wuyi(n), (3) 
i = 1  

where the wk~ are a set of weighting coefficients 
and I is the number of speech parameters. In this 
equation, only the yi(n) are known and the w~ 
have to be chosen so that ¢k(n) fulfils the require- 
ments of a target function. Since most of the time 
~bk(n) should equal zero, only a limited set of the 
w~ are non-zero. This can be interpreted as put- 
ting a small window over the matrix of speech 
parameters ¥. A first useful step in determining 
the target function is to perform a singular value 
decomposition (e.g. Gerbrands, 1981; Golub 
and van Loan, 1983) on the windowed matrix Yw. 
In matrix notation this can he expressed as 

yT = UDV T, (4) 

where both U and V are orthogonal matrices, 
their columns containing the singular vectors. D 
is a diagonal matrix of singular values, the square 
roots of the eigenvalues of YrYw. The singular 
values determine how much of the variance is ac- 
counted for by the respective singular vectors. 
Usually 3 to 5 singular vectors are enough to con- 
tain more than 95% of the variance, and we only 
use these to determine the target function. The 
operation described above is illustrated for a 
210ms analysis window in Fig. 1, where on the 
left side the I = 10 log-area parameters deter- 
mined every 10 ms are shown, and on the right 

I ~ . . . . . . ~  . . . . . , . . ~  87.38 g 

2 . . . . . . . , . . . . . . . .~ . . . . . .~  ~ 7.{5 7. 

~ ~  ~ ~.~. 

v = 

s ~ ---'~,~- - r % - ~  0.asz 

7 ~ ~ ~ . ~ . . . ~  o.o77. 

I0 ............................... . . ~ . ~  0.00 7. 

; 100ms 
log area parameters singular vectors 

Fig. I. Plot o f  the IO log-area parameters, .v,(n), o f  a 2IOtas 
window and the singular vectors, a~(n], o f  the .same speech 
segment. 

side the singular vectors ui from the matrix U. It 
can be seen that only the first few singular vectors 
are important and account for most of the var- 
iance. 

It follows from equation (4) that the speech 
parameters yi(n) can be expressed as a linear com- 
bination of the parameters ui(n). Substituting this 
in equation (3) and taking only the s most signif- 
icant singular vectors results in an important data 
reduction in solving equation (3). Thus, the target 
function q~k(n) can be represented as 

ek(n) = ~ bk~'L,(n), (5) 
i=l  

where the bki are a set of amplitude coefficients. 
In order to derive a target function, we have to 
choose a suitable set of coefficients bk~. 

2.1. Determination of the target filnctions 

Atal defines a measure of spread 0(n,.) as 

O(nc) = [~,.a(n)C?k(n)/~¢~(n)] ~, (6) 

where a(n) is a weighting factor. The sum over n 
extends over the N,, frames of the analysis win- 
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dow of wE.ch n,. is the centre frame. To a certain 
extent the shape of the target function is deter- 
mined by the weighting factor a(n). In fact, a(n) 
can be considered as a model for the target func- 
tion. In the following section we will discuss 
Atal's weighting factor and an alternative one. 

Depending on the choice of a(n), the spread 
measure 0(n) has to be minimized or maximized. 
In order to obtain the optimal target function, we 
replace tp~(n) of equation (6) by the expression of 
equation (5), and set the derivatives of O(nc) (or 
In 0(n,), which gives the same results but with 
less computational efforts) with respect to the 
coefficients bki equal to 0. This results in the 
eigenvalue equation 

Rb : 2b (7) 

with eigenvalues 2, where the coefficients rij of 
the matrix R are given by 

rij = ~.o~(n)lli(n)llj(ll ). (8) 

The smallest (or largest) eigenvalue 2 provides 
the optimal choice of the coefficients bki, and with 
equation (5) the target function ~k(n) is deter- 
mined (Lawley and Maxwell, 1971; Atal, 1983). 

2.2. Weighting factor of Ata! 

Atai proposed a quadratic weighting factor: 

a(n) = (n - no) 2, (9) 

where n, is the centre of the analysis window. 

With this a(n) the spread measure O(n) should be 
minimized. Since a(n) is quadratic, it strongly 
focusse~ upon target functions centrally located. 
However, as thc target functions are supposed 
to be related to articulatory gestures, they are in 
general not expected exactly in the centre of the 
analysis window. Furthermore, the target func- 
tions are forced to be as compact as possible, 
which impedes the search for speech events of 
long duration. 

2.3. An alternative weighting factor 

The weighting factor we propose provides a 
very simple, rectangular model for a target func- 
tion: 

a(n) = 1, f o r n l ~ < n ~ < n 2 ,  
a(n) = 0, elsewhere. 

In this case we have to maximize the spread mea- 
sure O(n) in order to determine the optimal q~k(n). 
Since both location and length of the target func- 
tion are unknown and differ for each analysis win- 
dow, the optimal location of (nl, n2) is also un- 
known; an iterative procedure is used to deter- 
mine the best choice. 

The iterative procedure starts with a small rec- 
tangular model ml (first choice of (nl, n2)) in the 
centre of the analysis window, giving a first ap- 
proximation q~k~(n) of the target function q)~(n). 
The next model m z is located between the frames 
where q~kt(n) has the threshold value h m. This pro- 
cedure is repeated until the new model mt equals 

n 'B 

3 

~ I 

c 1100oo, 
Fig. 2. Target functions resulting from various models for three segments of speech. The initial choice of the model is fixed in the 
centre of the window, and converges in successive iterations. 
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the previous model m t _ I" In practice, the itera- 
tive procedure converges after three to five itera- 
tions. 

This iteration procedure, consisting of the suc- 
cessive models and the resulting target functions, 
can be seen in Fig. 2 for three different segments 
of speech. The choice of the initial model is not 
too critical, with the only mathematical restriction 
that it must not extend over the whole window. 
We found that a suitable length for m~ is 5 frames 
around the centre of the window, although a 
length of  13 frames often gives the same results. 
A good choice for the value of h,, turned out to 
be 0.55. 

With this procedure a single target function is 
found within each analysis window. The target 
function is always normalized to a peak value of 
1. This is a reasonable choice, since if the target 
is reached a single function can describe the 
length of stay on that target. An unreached target 
is modelled by the overlap of two or even three 
target functions. As long as the target itself is un- 
known, normalization to 1 is the best solution. 

2.4. Modification o f  the analysis window 

The use of an analysis window with a fixed 
length has some serious drawbacks (Marcus and 
Van Lieshout, 1984). A target function should be 
only non-zero during a limited number of con- 
secutive frames, but this requirement is not al- 
ways fulfilled. Sometimes, as in Fig. 2b, the win- 
dow size is too large, which results in edge effects 
due to neighbouring speech events. Atal solves 
this problem by simply truncating the sidelobes: 
we, however, prefer to adapt the window size to 
the length of the target function, since within an 
adapted window there might be a better solution 
of equation (5). At other times the resulting 
target function is not complete, as in Fig. 2c, be- 
cause the window size is too small to accommo- 
date the whole target function. This problem is 
solved by Atal at a later stage, where he selects 
a limited number of different target functions. 
Unfortunately, this procedure does not guarantee 
the selection of only well-shaped functions, so this 
presents an additional argument to adapt the win- 
dow size. 

In order to adjust the window, the location of 

i 
1 

I OV 
n o ntQft no nmox nrLght nn 

Fig. 3. Schematic overview of the variables used for modifying 
the window. 

the maximum of the target function, nma x, within 
the window (n,, n~), is determined. Next we de- 
termine the locations of nzeft and n r i g h t ,  the frames 
closest to nma x with a value less than the threshold 
value hw, to the left and right side of nma x respec- 
tively, as shown in Fig. 3. If there is no frame 
which satisfies the conditions for nleft, the first 
frame, no, will be assigned to nleft; likewise the 
last frame, n~, will be assigned to nright if no frame 
to the right of nma x has a value smaller than hw. 

As a measure of the amount of (left) edge 
effects we use ~,qt~ n0 q~2(n) • If  this measure ex- 
ceeds a certain threshold value S, the window 
needs to be shortened. The new location of no is 
chosen relative to nleft. On the other hand, if nleft 
= no, the target function is not complete, and 
thus the window needs to be lengthened. In our 
experience the window size has to be increased in 
very small steps to make sure the adaptation pro- 
cedure remains stable. However, if the window is 
really much too small a slightly bigger step pro- 
vides a faster convergence. According to our mea- 
surements, the best choice of the values of the 
above-mentioned parameters hw and S was 0.2 
and 0.05, respectively (Van Dijk-Kappers and 
Marcus, 1987). 

In this manner, left and right side of  the win- 
dow are modified independently. To prevent that 
the resulting target function is located completely 
outside the original window, the value of tp(nc) is 
checked, nc being the centre of  the initial window. 
This value needs to be above h~, otherwise the 
procedure is started all over again with an initial 
window somewhat smaller than the previous one. 
This will be repeated as often as necessary. 

If one or both of the window sides has been 
changed, a new singular value decomposition is 
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2 2 

'lq '13 ' ' 

3 

'c i , 0 0  ° °  i 
Fig. 4. Iterative modification of the analysis window size and position, for the same three segments of speech as in Figure 2. 

performed on the original data within the new 
window. The most significant singular vectors are 
again used to construct a target function, but this 
time the initial model equals the model m, as ob- 
tained from the previous iteration. This proce- 
dure is repeated until both sides converge, which 
usually takes place after two or three iterations. 

The results of this window adaptation proce- 
dure are shown in Fig. 4, where the same speech 
segments are used as in Fig. 2. The target func- 
tions numbered 1 indicate the resulting target 
functions of Fig. 2; the higher numbers corre- 
spond to the successive results of the model itera- 
tions within the modified windows. In all three 
cases the final window is optimally adjusted to 
the target function. 

3. Analysis of  a complete utterance 

So far we have only determined a target func- 
tion for one particular analysis window. In order  
to analyse an entire utterance, the above proce- 
dure has to be repeated with windows located at 
intervals throughout the utterance. Atal 's  original 
method requires the window to be moved in very 
small steps, of about 10ms, ir~ order not to miss 
any functions. An example of the analysis of a 
number of successive windows is shown in Fig. 5. 
Although the length of the analysis window may 
seem flexible, this is only due to a truncation of 
the sidelobes after the analysis. Furthermore,  in 
spite of the spread measure which attempts to 
force the function to be located in the centre of 
the window, the resulting target function regu- 
larly lies outside the centre or is not well-shaped. 

For comparison, we also show the analysis of 
the same utterance derived with the modified 
temporal decomposition method described in the 
previous sections (Fig. 6). The target functions of 
a number of adjacent windows are very nearly 
identical, with only some negligible differences in 
edge effects. Moreover,  an acceptable target 
function is found for almost every window loca- 
tion. 

By shifting the analysis window in steps of 
10 ms, the total number of target functions equals 

' ' ' I100~ I 

Fig. 5. Target functions determined within the successive 
analysis windows of the utterance/dababa/using the original 
method of Atal. The vertical bars indicate the centres of the 
analysis windows. 

Speech  C~ rnmun i ca t i on  



A. M.L. van Dijk- Kappers, S.M. Marcus / Temporal decomposition 131 

; t 0 0 w  ; 

Fig. 6. Target functions determined within the successive 
analysis windows of the utterance/dababa/using our modified 
method. 

the number of frames. Since many of the target 
functions describe the same speech event,  it is 
obvious that their number can and has to be re- 
duced. Atal ' s  reduction algorithm will be dis- 
cussed in the next section, followed by our alter- 
native algorithm. 

3.1. Atal's reduction algorithm 

Atal  has developed a very simple reduction al- 
gorithm, which, however, discards a great deal of 
the relevant information and does not guarantee 
the selection of only well-shaped functions (Mar- 
cus and Van Lieshout, 1984). To determine the 
locations of the target functions as a function of 
the centre n, of the analysis window, Atal  uses a 
timing function v(n,.): 

v(nc) = (n - n, .)~(n n). (10) 
n = n , ,  ' n = n~, 

The minimum and maximum values of v(n,.) are, 
of course, bounded by the size of the analysis win- 
dow. According to Atal  a speech event occurs 

every time v(nc) crosses from positive to negative, 
and he uses this simple criterion to reduce the 
total number of target functions. Since there is 
not always a rapid shift from one ~Pk(n) to the 
next, this timing function could remain nearly 
constant for some time, without making any zero 
crossings. This can re3ult in a gap between two 
selected target functions. Furthermore,  it is possi- 
ble that an incomplete function is selected, while 
there are much better candidates. Finally, spuri- 
ous crossings may result in finding the same func- 
tion twice. 

3.2. An  alternative reduction algorithm 

Although Atal ' s  procedure for selecting the 
different target functions would probably work 
without any problems for the target functions de- 
termined with our modified temporal  decomposi- 
tion method,  it seems a waste of computation 
time to determine twice or even more often the 
same target function. Therefore,  we have devel- 
oped a much more efficient method of analysing 
the whole utterance. Instead of shifting the 
analysis window by steps of 10ms, the centre of 
the next analysis window is located where we ex- 
pect to find a new ~k(n), without skipping any 
target function. The best choice for this new loca- 
tion turned out to be the nri~ht of  the previously 
found function. Since there exists a small chance 
of finding the same function once more, the simi- 
larity of the two subsequent ~0k(n)'s is tested. As 
a similarity measure we used the cosine of the 
angle a between the two ~k(n)'s, considering 
them as vectors, where each frame represents a 
new dimension: 

cosa  = ~ k - , ( n ) ~ ( . )  
n 

(11) 

The summation extends over the overlapping 
frames n. If cos a is more than 0.75, the ~p~(n)'s 
are considered to be similar, and one of them is 
rejected. In that case the location of the centre of 
the analysis whldow is shifted two frames more. 
It is our experience that this procedure provides 
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a fast determination of all different target func- 
tions. 

3.3. Determination of the acoustic vectors 

For the determination of the acoustic vectors 
we use the same procedure as proposed by Atal. 
The target vectors a(k) associated with the target 
functions ~k(n) can be determined by minimizing 
the mean-squared error E, defined by: 

E =  , ~ [ y ( n ) - , ( n ) J  2, (12) 

or, by substituting equation (1) 

This equation can be solved for the a(k), by set- 
ting the partial derivatives of E with respect to 

A.M.L.  van Dijk.Kappers, S.M. Marcus I Temporal decomposition 

a(k) equal to zero (Atal, 1983). This results in a 
set of acoustic target vectors a(k), each consisting 
of a frame of 10 log-area parameters. 

3.4. Temporal decomposition of a speech 
utterance 

Temporal decomposition of a speech utterance 
results in a new description of the speech 
parameters in terms of target functions and vec- 
tors which, we hope, will be related to a phonetic 
description. A few examples of the output of our 
modified method are shown in Fig. 7. The plot 
shows the amplitude-time waveform of the utter- 
ance, together with the phonetic transcription and 
the automatically extracted target functions. The 
10 log-area parameters of the associated target 
vectors are transformed into the spectral domain 
and the corresponding log amplitude spectra are 
also shown in Fig. 7. In Fig. 7a there is a clear 

a bet bb a bet a 

\ \ \ /  \ \ \ 

a 11 Iz i m a 

B 1100  ms I 

Fig. 7. Temporal decomposition of some CVC utterances: (a)/dababa/, (b)/dalima/. The subscripts cl and b stand for closure and 
burst respectively. 
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correspondence between the target functions and 
speech events, although a function associated 
with the burst of the second/b/is missing. In Fig. 
7b there is one speech event described by two 
target functions. 

4. Evaluation and discussion 

In several respects, our modified temporal de- 
composition method gives better results than the 
original method of Atal. A very important im- 
provement is the fact that now in all situations 
target functions are found, while in the original 
method a gap sometimes occurred between two 
functions. It will be clear that this aspect need not 
be quantified, each gap being unacceptable irre- 
spective of the intended application. Another im- 
provement is that due to the window convergence 
procedure the target functions are guaranteed to 
be well-shaped. Comparing Figs. 5 and 6 will illus- 
trate this. In spite of these modifications, the 
computation time has more or less remained the 
same, since the singular value decomposition is 
the most time-consuming part of the procedure. 

4.1. Weighting factor 

An improvement which can be quantified is 
the choice of weighting factor. We stated that the 
weighting factor or model of Atal tends to yield 
target functions as compact as possible. Since we 
want to relate target functions to speech events, 
this is undesirable. Speech events may have vari- 
able lengths and the shortest length is not neces- 
sarily the optimal one. In order to be able to com- 
pare the performance of Atal's model with our 
rectangular model, we have embedded both mod- 
els within our modified method. Thus, resulting 
differences will only be due to difference in 
weighting factor. 

The criterion for good performance will be the 
correspondence of target functions to speech 
events. The target vectors will be left out of con- 
sideration. A small database was constructed con- 
sisting of CVC-comomations embedded in the 
context IdoCtVC2al. The consonants CI and C2 
were one of the phonemes/1/,/rn/,/b/or Ipl and 
the vowel V was one of the phonemes/a/, lil or 

/o/. Each of the 48 combinations was produced by 
a single male speaker. A phonetic labelling was 
carded out by hand, closure and burst of the stops 
being labelled separately. Temporal decomposi- 
tion analysis using the modified method described 
above was carried out automatically. A few exam- 
ples were already shown in Fig. 7, where use is 
made of the rectangular model. 

A tentative phonetic labelling by hand of the 
target functions was made for each utterance, and 
Table 1 shows for each weighting factor the per- 
centage of speech events described by 0, 1, 2 or 
more target functions respectively. Although a 
reasonable percentage of the speech events is de- 
scribed by only one target function, also an unac- 
ceptable percentage of the speech events is 
missed. However, this percentage is mainly due 
to missing bursts of the stop conso.nants which 
were labelled separately. It is not surprising that 
these bursts are poorly detected: they are poorly 
represented by the initial LPC analysis and the 
temporal decomposition itself results in further 
smoothing out of such short-duration events. 

To get a better idea of the achievements of 
temporal decomposition, we show the results of 
the analysis of the same words leaving out the 
bursts in Table 2. As can be seen, the improve- 
ment is considerable; only a very small percentage 

Table 1 
Percentages of speech events described by 0, 1, 2 or more 
target functions 

No. of target functions 

0 I 2 more 

Rectangular 17.8 63.2 18.4 0.5 
Atal 15.1 55.1 26.5 3.2 

Table 2 
Percentages of speech events (without bursts) described by 0, 
1, 2 or more target functions 

No. of target functions 

0 1 2 more 

Rectangular 1.4 73.2 24.6 0.7 
Atal 0.0 60.1 35.5 4.3 
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of the speech events is really missed and most of 
the speech events are described by only one target 
function. Furthermore, although the bursts of the 
plosives are not considered, this does not lead to 
problems for the plosives since their closures are 
always detected. In both Tables 1 and 2 it can be 
seen that Atal's weighting factor results in more 
target functions, as we already expected. 

To understand why our simple and unrealistic 
model gives reasonable results, we have to con- 
sider equation (5). There, the target function 
~p~(n) is expressed as a linear combination of only 
3 to 5 singular vectors, and thus the possible 
shapes of the target function are limited. Further- 
more, although the spread measure will be maxi- 
mal whenever the target function has an exact 
rectangular shape, this situation will never be 
reached given this limited number of possibilities 
and the fact that the speech parameters vary 
smoothly in time. A more realistic exponential 
model gives similar results (Van Dijk-Kappers, 
1988a). 

4.2. Reduction algorithm 

Atal will have discerned some of the shortcom- 
ings of his method. In his article he proposed, as 
an extension, an iterative refinement procedure 
to refine both target functions and vectors. In- 
deed, gaps between functions will be filled in by 
this procedure, but in our opinion the so-obtained 
target functions look rather distorted, which is an 
unwanted artefact. Still, this proposal has been 
followed by several other workers on temporal 
decomposition (e.g. Ahlbom e t a l . ,  1987). Of 
course, this iterative procedure could also be 
added to our modified method. Although we do 
not expect any improvements concerning our in- 
tentions with temporal decomposition, other ap- 
plications, for instance the derivation of rules for 
synthesis, might profit from it. 

Finally, in this respect, we would like to men- 
tion an interesting different approach, which un- 
fortunately is not very well documented. Choliet 
e t a l .  (1986) refer to a clustering technique, 
applied after the determination of all target func- 
tions. Without giving any details, they claim that 
this technique removes the shortcomings of Atai's 
selection criterion. It remains to be seen how the 

target functions obtained with this method com- 
pare to our target functions. In any case, the clus- 
tering technique causes a substantial increase in 
computation time. 

5. Conclusions 

The extended and modified temporal decom- 
position method makes the determination of the 
number and the location of the target functions 
more robust, and does not suffer from most of 
the problems of the original method of Atal 
(1983). It can be stated that with these improve- 
ments temporal decomposition has become a 
strong tool in analysing speech, from which re- 
searchers working on speech coding, recognition 
and synthesis may profit. 

If we use as a criterion the correspondence of 
target functions to speech events, the weighting 
factor we have proposed performs better than the 
original measure of Atal, which tends to yield too 
many target functions. Of course, the choice of 
what is the best weighting factor really depends 
on the intended applications. For speech coding, 
more but shorter target functions may give a bet- 
ter speech quality (though less economical). For 
speech synthesis it might be profitable to have 
separate functions for transitions from one 
phoneme to the next. And finally, for speech rec- 
ognition one target function per speech event 
might be the best starting point. 

For all possible applications it is encouraging 
that the present outcomes are obtained without 
making use of any specific phonetic knowledge. 
Future studies, which may include this knowledge, 
are needed to examine the achievements of tem- 
poral decomposition in more detail and with re- 
spect to a particular application. 
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