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ABSTRACT 
The “sums-of-products” approach has been found useful to 
model contextual influences on phoneme duration. This ap- 
proach involves multiple linear regression, which is gener- 
ally applied after log-transforming the durations. This pa- 
per presents empirical and theoretical evidence which sug- 
gests that this transformation is not optimal. An alterna- 
tive solution is proposed, based on a piecewise linear frame- 
work. Preliminary experimental results were obtained on 
over 50,000 phonemes in varied prosodic contexts. They 
show that this transformation reduces the unexplained de- 
viations in the data by approximately 15%) as measured 
in the original domain. Alternatively, at a given operating 
point, it also reduces the number of parameters required, 
by about 25% at usual levels of complexity. 

1. INTRODUCTION 

In natural speech, durations of phonetic segments strongly 
depend on contextual factors such as the identities of sur- 
rounding segments, stress, accent, and phrase boundaries 
(cf., e.g., [l]). For synthetic speech to sound natural, these 
duration patterns must be closely reproduced. Among the 
various methods that have been proposed for duration pre- 
diction, the “sums-of-products” (SOP) approach has a num- 
ber of useful advantages [2]. 

SOP methods are based on multiple linear regression in 
either linear or log domain [3]. When SOP models are ap- 
plied in the linear domain, they lead to various derivatives of 
the additive model originally proposed by Klatt [4]. When 
they are applied in the log domain, they lead to multiplica- 
tive models such as described in [l]. The evidence appears 
to indicate that the latter perform better than the former. 
Two reasons why this might be the case are: (i) the distri- 
butions tend to be less skewed after the log transformation; 
and (ii) the fractional approach underlying multiplicative 
models is better suited for more extreme durations. There 
is, however, no evidence that the log transformation is opti- 
mal. Rather than eliminating skewness in the data, it tends 
to merely reduce (and reverse) it. And while it is true that 
contexts such as phrase-final position are likely to lengthen 
long phonemes more than short phonemes, there is no a pri- 
ori reason for all factors to be strictly multiplicative across 
all durations. 

As a result, alternative transformations may result in 
better models, as we first showed in [5], and further explored 

in [6]. Continuing the same line of investigation, this pa- 
per presents empirical and theoretical evidence supporting 
a piecewise linear formalism. The next section motivates 
a closer look at the assumptions underlying the SOP ap- 
proach, and Section 3 examines the theoretical basis for an 
alternative solution. In Section 4, we describe the piecewise 
linear transformation framework. Finally, Section 5 reports 
on a series of experiments illustrating the resulting benefits. 

2. EMPIRICAL MOTIVATION 

This work arose from the evaluation of the SOP approach 
on a large corpus collected at Apple Computer in the sum- 
mer of 1996. This corpus, which systematically represents 
the known contextual factors influencing prosodic phonetic 
structure, is described in detail in [7]. Phoneme boundaries 
were automatically aligned using a speaker-dependent ver- 
sion of the Apple large vocabulary continuous speech recog- 
nition system. The SOP approach was implemented via 
weighted least-squares multiple regression, as implemented 
in the S+ ~3.2 software package. One distinct model was 
computed for each of 15 classes of phonemes, across which, 
for simplicity, we used a common set of factors. These in- 
cluded accent, preceding and following phoneme identity, 
and similarly well-known factors reported in the literature. 
In all cases, the standard log transformation was used. The 
overall fit obtained was comparable to published results. 

However, close analysis of the residuals showed that they 
were not spread evenly throughout the data range. Specifi- 
cally, long durations tended to be underestimated and short 
durations overestimated. This is of course a common mod- 
eling phenomenon, which typically becomes less and less 
severe as the models acquire more independent variables 
representing higher-order interactions between contexts. 

Fig. 1 illustrates this error reduction for a subset of 
the above data (consisting of the four unvoiced fricatives). 
The predicted and observed values have each been sorted in 
ascending order, and the two distributions plotted against 
each other. The grey filled circles represent the predictions 
from a simple, 4-factor SOP model (comprising a total of 
about 20 regression coefficients), which accounts for 32.6% 
of the total standard deviation. The black hollow circles 
represent a more complex, 40-factor model (comprising a 
total of about 200 regression coefficients), which accounts 
for 87.2% of the deviation. The additional parameters allow 
the model to more closely predict the more extreme obser- 
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Predicted vs. Observed Durations 

vations in the data. If the predictions were perfect, all the 
points would lie on the dotted grey diagonal line. Instead, 
the overall shape of both sets of predictions suggests that 
the overestimation of short durations and underestimation 
of long durations is a structural pattern over a wide range 
of regression equations. Moreover, this observation is con- 
sistent across the entire dataset. 

Two solutions could be considered. The traditional ap- 
proach (cf. Fig. 1) is to add more independent variables to 
the regression equation. However, each variable added rep- 
resents only one particular higher-order interaction between 
factors, and thus only one specific subset of the data. As 
more interaction terms are added, they are trained on fewer 
and fewer points and account for smaller and smaller par- 
ticular subsets of the outliers. At the extreme, this raises 
the issue of parameter reliability, as well as generalization 
to new combinations of context. 

The other approach is to first apply an appropriate 
transformation to the raw durations, to compensate as much 
as possible for the structural nature of the pattern observed 
in the residuals. This led us to re-examine the underlying 
assumptions of the SOP model. 

3. THEORETICAL FRAMEWORK 

The origin of the SOP approach can be traced to the “ax- 
iomatic measurement” theorem [8], as applied to duration 
data. This theorem states that under certain conditions the 
duration function D can be described by the generalized ad- 
ditive model, given by: 

where $i (i = l,... , N) represents the ith contextual factor 
influencing D, A4i is the number of values that $i can take, 

ai,j is the factor scale corresponding to the jth value of fac- 
tor fi, denoted by fi(j), and F is an unknown monotonically 
increasing transformation. Thus, F(z) = LC corresponds to 
the additive case and F(z) = log(z) corresponds to the 
multiplicative case. As mentioned before, F(z) = log(z) is 
normally used. 

The “certain conditions” mentioned above have to do 
with factor independence. Specifically, one may only con- 
struct a function F and a set of factor scales ai,j such that 
(1) holds $ the factors fj , j = 1, . . . , N, exhibit all possible 
forms of independence, i.e., only $ joint independence holds 
for all subsets of 2,3,. . . , N  factors. Clearly, this is not go- 
ing to be the case for duration data. For example, accent 
and phrasal position interact in their influence on vowel du- 
ration, i.e., these factors are not independent. The justifica- 
tion for applying (1) anyway is, generally, that such interac- 
tions tend to be well-behaved, in that their effects are am- 
plificatory, rather than reversed or otherwise permuted [l]. 
The “regular patterns of amplificatory interactions,” in van 
Sante& words, make it “quite plausible that some sums- 
of-products model will fit the [appropriately transformed] 
durations” [l] (emphasis ours). 

Violation of the joint independence assumption, how- 
ever, may substantially complicate the search for the trans- 
formation F. In particular, the optimal transformation F 
may no longer be strictly increasing, opening up the possi- 
bility of inflection points, or even discontinuities. In other 
words, it is worth revisiting what shape the transformation 
should have in the face of all interactions, amplificatory or 
otherwise. 

4. NEW TRANSFORMATION 

In fact, the data of Fig. 1 suggests that some interactions 
are only amplificatory for long durations (when durations 
are short, these interactions seem to exert the opposite in- 
fluence). This general pattern seems to support the need for 
compression at both ends of the range. In the first approx- 
imation, this entails at least one inflection point in F. This 
observation first led us to consider a sinusoidal function [5]. 
But the parameters in this function turned out to be some- 
what non-intuitive, which called for an alternative formula- 
tion [9]. We then focused on a more conventional sigmoid 
function, of the type widely used in neural networks, and 
showed that this function yielded better performance, as 
measured by the proportion of variance left unexplained by 
the regression model [6]. 

What ultimately matters, however, is not the variance 
left unexplained in the transform domain, but the variance 
left unexplained in the original domain, where the model is 
eventually applied. Compressing the durations at the two 
extremes of the range clearly helps improve performance in 
the transform domain, in part by reducing the influence of 
extreme durations on the linear regression. By the same 
token, however, it may not be as effective in the original 
domain. This is because, essentially, the extreme durations 
are now acting even more as outliers (with respect to a 
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Fig. 2. Transformation with Compression at Both Ends. Fig. 3. Transformation With Expansion at Both Ends. 

model which was trained to downplay their importance). 
To ensure good performance in the original domain, it may 
actually be more appropriate to expand the durations at 
the two ends of the range, to force the model to give them 
more weight. To make this possible, we need a more flexible 
transformation framework than that of either [5] or [6]. This 
is achieved using the following piecewise linear formulation. 

Let A and B denote the minimum and maximum dura- 
tion observed in the training data for the particular phoneme 
(or class of phoneme) under study. For each duration D ob- 
served, the associated variable: 

D-A x=- 
B-A’ (2) 

takes on normalized values in the interval [0, l]. The piece- 
wise linear transformation is then defined by: 

i 

ax + a(1 - o!) ifO<x<a; - 

F(x) = 1x3 ifu<x<b; - (3) 

Px +b(l -P> ifb<x<l; - - 

where the parameters a, b, a, and p (all non-negative) help 
control the shape of the function. Specifically, the inter- 
val [a, b] defines the identity portion of the transformation, 
while a and p control the amount of compression/expansion 
which happens in the intervals [0, a] and [b, l], respectively. 
The values a, p < 1 correspond to a compression, and the 
values a, ,0 > 1 correspond to an expansion. The further 
a and ,0 deviates from 1, the further the extrema deviate 
from their original values. Fig. 2 depicts the shape of the 
function (3) for the values: a = 0.2, b = 0.7, a = 0.3, and 
,0 = 0.5, while Fig. 3 shows the equivalent shape for the 
values: a = 0.2, b = 0.7, Q! = 2.0, and ,6’ = 1.8. Since the 
four parameters can be set independently, the function (3) 
is able to cover a wide range of behavior. 

Referring back to Fig. 1, it seems that, regardless of 
model complexity, the residuals for unvoiced fricatives are 

c\! 0 

0.6 
Index 

disproportionately greater in long durations than in short 
durations. Thus, we would expect the associated trans- 
formation to impact long durations more than short dura- 
tions. From the above, this implies that ,0 deviates from 1 
more than a. This was confirmed experimentally: for this 
phoneme class, we found an optimal value of a = 1.4 and 
,0 = 1.6. It it important to note, however, that the opti- 
mal values of the parameters a, b, a+ and ,0 depend on the 
phoneme (or class) identity, since the shape of the function 
is tied to the way contextual factors influence the durations 
of particular phonemes. 

In the experiments described below, we used a gradient 
descent algorithm to iteratively adjust the four parameters 
for each phoneme class, using the goodness of fit of the sub- 
sequent regression (in the original domain) as the criterion. 
This produced the following set of parameters, with the 
mean indicated in parentheses: 0.05 5 a 5 0.30 (6 = 0.17); 
0.65 < b < 0.95 (6 = 
and 1.3 <j 5 4.4 (p = 

0.86); 1.3 < a < 4.2 (6 = 1.66); 
1.61). Thus, none of the resulting 

shapes showed any compression at either end of the range, 
and in a few cases the expansion was substantial. This un- 
derscores the suboptimality of approximating such shapes 
by a logarithm curve. 

5. EXPERIMENTAL RESULTS 

We considered a portion of the Prosodic Contexts corpus [7] 
comprising 50,797 observations. In all cases, the evaluation 
criterion was taken to be the proportion of standard devia- 
tion left unexplained in the originaE domain (as opposed to 
the transform domain). A 40-factor regression model along 
with the standard logarithmic transformation of the raw 
durations left 14.4% of the standard deviation unexplained. 
The same independent variables were then regressed against 
the piecewise linearly transformed durations, using the same 
weighted least squares implementation. This left only 12.3% 
unexplained, which corresponds to a reduction of 14.6% in 
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Fig. 4. Performance Comparison. 

the proportion not accounted for. To put things in perspec- 
tive, the root sinusoidal transformation described in [5] only 
achieved a reduction of 10.4% with this criterion. 

The above experiments were then repeated with a range 
of different numbers of equation coefficients, representing 
different choices of factors and interaction terms, to elim- 
inate the possibility that the above result might somehow 
be linked to the particular regression model selected. Fig. 4 
reports the outcome, in terms of the percentage of standard 
deviation left unexplained as a function of the total number 
of parameters in the modeling (i.e., regression coefficients 
as well as parameters required for the transformation). It 
can be seen that the piecewise linear transformation (filled 
triangles) is consistently superior to the log transformation 
(hollow circles) across the entire range of parameters con- 
sidered. Only when very simple models are involved is the 
improvement brought about by the piecewise linear frame- 
work somewhat mitigated by the extra parameters required 
by the transformation. 

A consequence of Fig. 4 is that the piecewise linear 
transformation generally provides for a more parsimonious 
representation of the regular patterns in the observed data. 
In other words, for a given level of performance, the piece- 
wise linear approach allows the underlying SOP expression 
to comprise less coefficients. For example, to leave 12.5% of 
the standard deviation in the original durations unexplained 
would require approximately 4500 parameters with the log 
transformation, but only about 3400 parameters with the 
piecewise linear transformation. This entails a 25% reduc- 
tion in the number of parameters to estimate. 

6. CONCLUSIONS 

This paper has presented both theoretical and empirical 
evidence for the use of a piecewise linear transformation 
in the well-known sums-of-products approach to duration 
modeling. Compared to the standard log transformation, 

the piecewise linear function reduced the proportion of the 
standard deviation left unexplained in the original domain 
by about 15%. (This improves slightly on the results of 
[6], when the evaluation criterion is applied in the original 
domain.) At a given operating point, the piecewise linear 
transformation also reduced the number of parameters re- 
quired in the duration model, by about 25% at usual levels 
of complexity. 

This improved modeling has implications for the voice 
generation in a speech synthesizer, because it will generate a 
greater quantity of longer and shorter phonemes than previ- 
ous approaches. Short phonemes are difficult to synthesize 
because they are typically associated with undershoot of 
articulatory targets. Mere warping (in the time domain) 
of units that sound appropriate with longer durations is 
likely to result in unnaturally sudden spectral transitions. 
Similarly, the longer durations produced by this model will 
require careful voice processing to avoid unnaturally salient 
steady states. Consequently, we believe that as duration 
models improve, there will be greater need for articulatory 
approaches to voice generation. 
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