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ABSTRACT

This paper addresses three interrelated, broad ques-
tions: (i) What type of phonetic knowledge is used
in text-to-speech synthesis? (ii) What good does it
do? (iii) What future phonetics research does synthe-
sis need? We argue that, depending on the specific ar-
chitecture and aim of the system (i.e., open domain or
closed domain), text-to-speech synthesis systems can
incorporate a great variety of facts about human lan-
guage. These facts do not necessarily take the form
of manually crafted rule systems. These rules systems
have often have been faulted for fragility, which in turn
has been used as an argument for doing away with
the incorporation of phonetic knowledge and using ma-
chine learning instead. The key importance of incorpo-
rating phonetic knowledge is its domain-independence,
which lessens the dependence of a system’s perfor-
mance on the non-generalizable peculiarities of a train-
ing corpus. Moreover, current phonetic knowledge is
not enough – needed improvements of speech synthesis
quality need answers to many general phonetic ques-
tions; some examples of these will be provided. For
this, however, closer cooperation is needed between the
speech technology and phonetics communities.

1 INTRODUCTION

When discussing the use of phonetics in speech tech-
nology, one often has the impression that, on the one
hand, members of the speech technology community
view progress made over the last two decades as a pro-
cess in which reliance on phonetic knowledge has been
replaced by usage of machine learning algorithms in
conjunction with speech corpora, while, on the other
hand, members of the phonetics community criticize
speech technologists for being linguistic ignorants and
observe with glee the many shortcomings of current
speech technology that allegedly are the result of this
ignorance. This paper contends that both points are
right. That is, no progress would have been possi-
ble without the revolutionary advances made in ma-
chine learning and availability of speech corpora. But
also, ignoring phonetics – in particular, phonetics in
the broad sense – may hamper further progress.

The first point hardly needs further arguments; we will
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rovide these. The second point will be elaborated
in two ways. First, we demonstrate the variety of
of knowledge incorporated in speech technology.
fically, we argue that phonetic knowledge incorpo-
in synthesis systems goes well beyond manually
d rules. Second, we argue for the critical role of
etic knowledge for domain-independent synthesis.

tructure of this paper is as follows. First, we pro-
a brief overview of speech synthesis. Next, the
of phonetics in synthesis is illustrated with the
Labs multi-lingual text-to-speech synthesis sys-
1]. This system is selected primarily because in
decade history it has absorbed research of a large,
-disciplinary group of scientists working at all lev-
the system, and thus provides a unique opportu-

for observing the role of knowledge in synthesis.
ly, we discuss research issues that are phonetic
ture and whose resolution could benefit further
ess in speech synthesis.

2 SPEECH SYNTHESIS

peech Synthesis: Overview
current systems employ the following multi-

process. Text analysis modules compute from
ymbolic representations, such as phoneme labels,
dic tags, or part-of-speech tags. Next, Target
dy modules compute timing information, pitch
urs, and optionally also amplitude, spectral bal-
and voicing characteristics. Finally, a speech cor-

s searched for appropriate fragments of recorded
h (acoustic units), these units are concatenated,
ptionally modified so that the output speech ex-
the pre-computed target prosody.

ms differ primarily in the presence and role of
t prosody computation and in the type of signal
fication performed on the stored speech. In unit
based systems (e.g., the systems from Bell Labs,
Informatique, and SVOX), the speech corpus con-
of a set of pre-excised acoustic units, mostly di-
es; thus, no real search is needed, merely retrieval.
n time, the appropriate units are retrieved from
able, concatenated, and modified to produce the
d target prosody. This modification is extensive,
se it involves both time warping and changing
itch contour. Over the decades, a major focus



of speech technology research has been on developing
algorithms to perform modification operations with a
minimum of signal distortion [2, 3, 4, 5, 6].

Newer systems (unit selection systems) capitalize on
progress in storage capabilities, processing power, and
search algorithms, by using substantially larger speech
corpora. CHATR [7] went to the extreme of using no
pitch modification, under the assumption (the com-
plete coverage assumption) that for any sequence of
target phonemes and target prosodic tags a corre-
sponding sequence of speech intervals could be found.
The advantage is that no signal modification is needed,
thereby reducing signal distortion. The disadvantage
is that, except for small domains, the complete cover-
age assumption is incorrect; this has dreadful effects
on speech quality, because many units will be inappro-
priate or have spectral or pitch discontinuities. Post-
CHATR unit selection systems have improved perfor-
mance by using much larger and more carefully con-
structed speech corpora (e.g., [8]) or by using modest
amounts of signal modification [9, 10].

2.2 Role of domain restriction in synthesis
The unrestricted domain consisting of all text materi-
als in a given natural language contains an extremely
large number of combinations (or units) of phone se-
quences and prosodic contexts; moreover, one cannot
satisfactorily cover these units in a speech corpus by
only focusing on frequent units [11, 12], for two rea-
sons. First, the probability mass of “rare events” is
near-certainty. Concretely, this means that almost any
input sentence will require units that are not in any
reasonably-sized speech corpus. Second, frequency dis-
tributions differ substantially between text types.

The combinatorial problems faced at the level of speech
corpora also apply to training corpora used for other
system components, e.g., the duration component.

In summary, systems differ radically in terms of their
abilities to generalize beyond a speech corpus. Unit
selection based systems may be virtually indistinguish-
able from natural speech for input sentences from, or
highly similar to, those in the corpus, but may break
down badly for other input sentences because they are
based on the full coverage assumption. Traditional sys-
tems fall in between: They never sound natural but
also do not break down.

The critical role of phonetic knowledge is that it is gen-
eral, and not tied to a specific speech corpus. We now
discuss how such knowledge is, or can be, incorporated
in synthesis systems.

3 THE BELL LABS SYSTEM

Prior to its complete rewrite as a prelude to commer-
cialization in the mid-90’s, the primary goal for th Bell
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system was more that of a test bed for research
a commercial TTS engine. This makes the sys-
nusual (probably the only other system similar

is respect is Dectalk and its pre-cursors [13]), but
seful for the present paper.

ext Analysis
ext Analysis component uses a mixture of knowl-
based and statistical approaches: Dictionary
p, parts-of-speech tagging, syllabification rules
are based on the sonority hierarchy, morphologi-
alysis based on general linguistic theories about

hology, heuristic pronunciation rules, statistically
ed algorithms for word segmentation (Chinese),
graph disambiguation, accent assignment, and
e break assignment. In addition, knowledge also
s the choice of data features used for the sta-
ally trained methods. For example, [14] used in
statistical method a mixture of features, includ-
arts of speech, distance from and to punctuation,
exical items. Selection of these features was based
ycholinguistic research.

ledge also enters on a general, “architectural”,
The current version of the system is based on

ted finite state transducers (WFST’s). This sys-
as created to address problems posed by a va-
of languages, including Chinese, Japanese, and
an, that were not readily solvable in standard ar-
tures. For example, in Russian “text normaliza-
(e.g., for pronouncing the “%” sign) requires non-
l linguistic analysis and hence cannot be handled
pre-processor, as is commonly done in standard

tectures. WFST’s allow for a non-sequential deci-
aking process in which multiple constraints are

ined and jointly optimized. The realization that
as necessary is an example of how even system

tecture can reflect linguistic knowledge.

uration
ell Labs system uses “sum-of-products” models

redicting duration [15, 16]. This is a family of
e equations that can be considered a generaliza-
f the additive and multiplicative models. While
ematically trivial, these models incorporate im-
nt facts about duration. First, they state that
factors affecting duration are directionally invari-
i.e., holding all else constant, stressed is longer
unstressed, and phrase-final is longer than phrase-
al. Second, substantial knowledge entered into the
ion which contextual factors to include and which
of-products to use. For example, it is a general
about American English that vowels are longer
followed by a voiced consonant. and that this
is much larger pre-pausally [17]. This can be

porated by using a sum-of-products of the form:

(vowel c, stress s, position p, voicing V ) =
s1(v) + s2(s) + s3(p) × s4(V ) (1)



Third, since different phoneme classes occur in dif-
ferent contexts, and are also differentially affected by
the same factors (e.g., consonants in syllable codas are
not lengthened by stress but consonants in onsets are),
phoneme classes must be categorized, again requiring
phonetic knowledge.

It is important to realize that these decisions are based
on systematic phonetic experiments, and not on cur-
sory inspection of the literature on duration. The focus
of these experiments is not that of estimating param-
eters (e.g., s1(v), s2(s), s3(p)), but that of systemati-
cally varying factors and observing their interactions.
For example, Klatt [17] conducted a study in which
most factors were kept constant (e.g., sentence length),
and provided a compelling argument that the interac-
tion patterns found were not a peculiarity of the “train-
ing corpus” he analyzed but represented a general fact
about American English speech.

Of course, with enough data, and using powerful statis-
tical methods [15], these decisions could in theory have
been derived automatically from the training data.
However, the actual amount of training data is likely
to be enormous, and one loses the benefit of a con-
nection with an established body of phonetic research
knowledge – since it is there, why not use it?

3.3 Intonation
The intonation component is based on the superpo-
sitional model according to which a pitch curve can
be written as the sum of simpler component curves:
a phrase curve associated with phrases, accent curves
associated with pitch accents, and segmental pertur-
bation curves associated with individual phonetic seg-
ments. Admittedly, the superpositional concept is con-
troversial [18], but that is not the point. The point
is that this concept is based on knowledge, includ-
ing hypotheses about quasi-independent processes in
the vocal chords [19] and analyses of production data
[20]. Further choices in the implementation, such as
on which factors parameters depend, are also based on
knowledge from systematic phonetic experiments.

3.4 Signal Processing
Finally, although the signal processing component is
concatenative and hence is not based on the detailed
level of articulatory or acoustic modeling of, for ex-
ample, MITalk [13], it nevertheless can be said to use
knowledge [2, 21]. First, there are language dependent
facts (e.g., in American English – but not in UK En-
glish – one needs consonant-vowel-r triphones because
of the strong coarticulatory effects of [r]; Italian trill
[22]; aspirated voiced stops in Hindi; vowel-devoicing in
Japanese). Second, there are several details in the sig-
nal processing operations that reflect knowledge. For
example, the temporal compression/stretching opera-
tion stretches out primarily the central portion of vow-
els instead of the initial and final portions. This is

based
Third
show
to be
tween
does
the s

3.5 K
The
types
ever,
least
ment
in wh
struc
ues.

4 N

Resea
select
1. P
that
2. Pe
3. U
produ
4. M
5. U
both
6. A
pitch
7. M
featu
loudn
8. Ho
listen

Text-
edge,
ized.
by in
know
of ph
addre
time,
conce
recep

Neith
terial
are b
omm
(e.g.,
on studies on vowel lengthening by, e.g., [23].
, further details are based on perceptual studies

ing that certain distinctions need or do not need
made (e.g., one cannot hear the difference be-
[s-t]+[t-o] and [s-p]+[t-o]; in other words, the [s]

not audibly depend on the place of articulation of
ubsequent stop.)

nowledge used in the Bell Labs System
Bell Labs System incorporates many different
of knowledge. It should be emphasized, how-

that almost all components of this system are at
partially data driven. In this sense, it is funda-
ally different from the earlier MITalk system [13]
ich every component consisted of manually con-
ted rules and manually adjusted parameter val-

EEDED PHONETICS RESEARCH

rch is needed on several issues. A random
ion from these:
erception of spectral discontinuities of the type
occur in concatenative synthesis.
rception of discontinuities in intonation contours.
nderstanding sub-segmental timing in speech
ction.

imicking vowel reduction.
nderstanding variability in speech production –
inter- and intra-speaker variability.
coustic invariances of perceptually equivalent
contours.

ultidimensional modeling of all acoustic prosodic
res – F0, local acceleration, spectral balance,
ess, etc.
w to measure the impact of emotional speech on
ers.

5 CONCLUSIONS

to-Speech technology uses more linguistic knowl-
structures, and concepts than is generally real-
We believe that speech technology could benefit
corporating even more knowledge. Some of this
ledge is already available, but there is a large list
onetics research questions that are currently not
ssed by the phonetics community. At the same
the incorporation of linguistic knowledge and

pts requires speech technology systems to have
tive architectures.

er this research nor these architectures will ma-
ize unless organizational and educational bridges
uilt between these two fields of research. The rec-
endation is obvious and has been made by others
[24]): we need to enhance growth of a ”bridge



field” in the form of mathematical or computational
phonetics. It would not be the first time in the history
of science that progress is hampered by the presence
of high walls between narrowly defined disciplines.
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. van Santen and B. Möbius, “A model of funda-
ntal frequency contour alignment,” in Intonation:
alysis, Modelling and Technology, A. Botinis, Ed.
mbridge University Press, 1999, In press.

. Olive, “A new algorithm for a concatenative
eech synthesis system using an augmented acous-
inventory of speech sounds,” in Workshop on
ech synthesis, Autrans France, 1990, ESCA, pp.
–30.

hilin Shih, “Synthesis of trill,” in Proceedings of
International Conference on Spoken Language

ocessing, Philadelphia, 1996, ICSLP, pp. 2223–
26.

h. Gay, “Effect of speaking rate on diphthong
mant movements,” Journal of the Acoustical So-
ty of America, vol. 44, pp. 1570–1573, 1968.

. Moore, “Computational phonetics,” in Proceed-
s of the 13th International Congress of Phonetic
iences, Stockholm, 1995, vol. 2, pp. 68–71.


	headLEa1: 15th ICPhS Barcelona
	pagenumber55: 55
	footerL1: ISBN 1-876346-48-5 © 2003 UAB
	headLOa2: 15th ICPhS Barcelona
	footerL2: ISBN 1-876346-48-5 © 2003 UAB
	pagenumber56: 56
	headLEa3: 15th ICPhS Barcelona
	pagenumber57: 57
	footerL3: ISBN 1-876346-48-5 © 2003 UAB
	headLOa4: 15th ICPhS Barcelona
	footerL4: ISBN 1-876346-48-5 © 2003 UAB
	pagenumber58: 58


