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ABSTRACT

Speech synthesis has changed dramatically in the past few years
to have a corpus-based focus, borrowing heavily from advances
in automatic speech recognition. In this paper, we survey technol-
ogy in speech recognition systems and how it translates (or doesn’t
translate) to speech synthesis systems. We further speculate on fu-
ture areas where ASR may impact synthesis and vice versa.

1. INTRODUCTION

In the last decade, there has been a paradigm shift in speech
synthesis work such that both commercial and research sys-
tems are predominantly based on data-driven or corpus-
based techniques. The emphasis is on engineering tech-
niques – including optimization of cost functions, statisti-
cal models and signal processing – more than on linguistic
rule development. Many of the current text-to-speech (TTS)
techniques, as well as the philosophy, are borrowed from
automatic speech recognition (ASR). There is also a grow-
ing interest in limited-domain synthesis, driven at least in
part by the success of limited-domain speech understanding
systems as well as the need for such systems to have high
quality speech generation for telephony applications.

There is no question that these changes have greatly ad-
vanced the state of the art in speech synthesis, particularly
in the sense of much more natural sounding voices. Further-
more, there are many promising avenues for advances from
leveraging other aspects of ASR technology. However, the
shift has had a cost in the reduced amount of scientifically
oriented research, both that aimed at the end goal of text-to-
speech synthesis but also studies of speech communication
that use synthesis as a tool, since non-parametric synthesiz-
ers do not provide the controls needed for such studies. In
addition, there has been surprising little transfer of speech
synthesis technology back to the recognition community.

The goal of this paper is to survey recent work associ-
ated with this data-oriented trend, showing the connections
to speech recognition as well as missing links (i.e. where
ASR technology can be taken further for synthesis appli-
cations) and potential pitfalls (i.e. where it fails). In Sec-
tion 2, we review the key elements of speech recognition

technology, and in Section 3 we survey ways in which this
technology is used in speech synthesis. Section 4 outlines
limitations of the “technology transfer,” including examples
of where synthesis and ASR techniques differ in important
ways. Finally, in Section 5, we speculate on new direc-
tions for using recognition technology in synthesis, as well
as possibilities for transferring technology back.

2. SPEECH RECOGNITION

Speech recognition itself underwent a paradigm shift two
decades ago, when statistical models began to be broadly
adopted. Three key properties were important in their suc-
cess. First, statistical models provided a means of “igno-
rance modeling,” i.e. representing broad distributions (or
rough characterizations) of phenomena for which linguis-
tic rules were not yet known or speech knowledge was in-
complete. Second, data-driven learning techniques could be
applied to structure and rule learning, not simply param-
eter learning, and in that sense they provide a much less
costly alternative to human labor for writing rules. Finally,
the idea of “delayed decisions” was vital for improving per-
formance, as systems moved from using intermediate hard
decisions about phonemes or phonetic features to an in-
tegrated word recognition search that entertained multiple
word hypotheses at any point in time. (It is interesting to
note that, while the ASR justification for delayed decisions
is grounded in optimization theory, similar ideas also ap-
pear in psycholinguistic models of human spoken language
processing [76].) While “ignorance modeling” has little ap-
peal in the synthesis community, the other two properties
are clearly recognized as valuable.

Since that time, ASR technology has advanced consid-
erably, from success only on small vocabulary, speaker-
dependent, read-speech tasks to high performance on
large vocabulary, speaker-independent naturally occurring
speech. ASR is still far from a solved problem, with
word error rates of 13%, 24% and 36% on broadcast news,
conversational speech and meeting speech, respectively,
and higher error rates under noisy conditions [44]. How-
ever, performance on broadcast news transcription is good



enough for information retrieval applications, and many
limited-domain commercial ASR systems are deployed in
telephony and embedded system applications. This success
is widely attributed to the data-driven approach, as well as to
the international competitions that have become traditional
in the ASR community over the past decade. Of course,
Moore’s law has also been an important facilitator: increas-
ing computing power made it possible to train on larger cor-
pora and search over larger word hypothesis spaces using
models with increased complexity.

The basic components in most large vocabulary speech
recognition systems include: mel-cepstral speech analy-
sis, hidden Markov modeling of acoustic subword units
(typically context-dependent phones), clustering techniques
for learning parameter tying, n-gram models of word se-
quences, a beam search to choose between candidate hy-
potheses, adaptation of acoustic models to better match a
target speaker, and multi-pass search techniques to incorpo-
rate adaptation as well as models of increased complexity.
A detailed review of these components is beyond the scope
of this paper, but we will briefly describe key elements that
are built on in speech synthesis. For more details, readers
are referred to [79, 36, 33]. We also note that many of the
same techniques are also used in speaker recognition [50].

Mel-cepstral feature extractionis used in some form or
another in virtually every state-of-the-art speech recognition
system. Using a rate of roughly 100 frames/second, speech
windows of 20-30ms are processed to extract cepstral fea-
tures, then normalized to compensate for channel mismatch
and speaker variability. While there are several ways of
computing mel-cepstra, a popular approach is to use a mel-
spaced bank of filters to obtain a vector of log energies, to
which is applied a cosine transform [32]. The cepstral fea-
tures are typically augmented with their first- and second-
order derivatives to form observation vectors. Signal pro-
cessing may also include subsequent linear transforms to
reduce the vector dimension.

The hidden Markov model (HMM)is also widely used
in speech recognition systems. The HMM represents acous-
tic variability in two ways: a hidden, discrete Markov state
sequence characterizes temporal variability; and a state-
dependent observation distribution characterizes spectral
variability, typically using Gaussian mixtures. Observa-
tions are assumed to be conditionally independent given
the state sequence; hence, HMMs are sometimes described
as a piecewise-constant generative model (i.e. the mean
is piecewise-constant, given the state sequence) and thus
a poor model of speech dynamics. However, the use of
derivatives in the observation space (though violating the
conditional independence assumption) effectively counter-
acts this problem, both in recognition and, as we shall see,
in synthesis. Although there have been many alternative sta-
tistical approaches to acoustic modeling investigated since

the development of HMMs (e.g. [46, 41, 9]), for the most
part, these can be thought of as extensions of HMMs.

An important tool for building complex ASR systems is
distribution clusteringfor parameter tying. A popular ap-
proach is maximum likelihood decision-tree-based cluster-
ing, which is a divisive clustering strategy that uses linguis-
tically motivated candidate splitting questions to provide a
mechanism for generalizing to unseen data. Different meth-
ods are used depending on the parameter tying assumptions,
e.g. at the distribution level [80] vs. at the mixture compo-
nent level [22]. Clustering can also be used to learn HMM
topologies [47] and pronunciation models [27, 55]. Cluster-
ing is used extensively in other parts of an ASR system as
well, from adaptation to language modeling.

Another component in virtually every large vocabulary
recognition system is then-gram modelfor representing
word sequence probabilities. In general, an n-gram model
describes a symbol sequence as an(n− 1)-th order Markov
process, and can be used for phones (as in language identifi-
cation), words (as in ASR), or prosodic events (as in TTS).
A key issue in n-gram modeling is estimation of low fre-
quency events using smoothing and/or back-off techniques;
see [17] for a good survey. While much research has sought
to improve over this simple language model, only small
gains have been achieved so far [51, 30].

Given the HMM and n-gram statistical models of acous-
tic and language components of speech, respectively, speech
recognition can be formulated as asearchproblem: find the
maximum probability word sequence given the acoustic ob-
servations. This means computing the likelihoods of and
comparing all possible word sequences, which would be im-
practical except for the assumptions of conditional indepen-
dence of observations and word history given local context.
These assumptions make it possible to keep track of the best
path and score only at the most recent previous word-state.
The efficient implementation of the optimal search involves
dynamic programming and is typically referred to as the
Viterbi algorithm, which is borrowed from communication
theory. As vocabulary sizes and model complexity has con-
tinued to grow, the full search can still be impractical and
various techniques are used to improve efficiency, including
pruning (beam search) and tree structured lexicons [43] and
weighted finite-state transducers [40].

An important component of high-performance, large vo-
cabulary ASR systems isspeaker adaptation,i.e. changing
the parameters of a speaker-independent acoustic model to
better match the speech from a target speaker. Early work
and some commercial systems use supervised adaptation, or
speaker enrollment, where the word transcriptions for the
target speaker are known. The current research emphasis
is on unsupervised adaptation, including both on-line and
batch methods. There is a large body of work in this area,
involving a variety of techniques, but the most influential is



an approach involving a linear transformation (rotation) of
the means and optionally variances of the observation dis-
tributions. The transformations are trained to maximize the
likelihood of data from the new speaker, hence the name
maximum likelihood linear regression (MLLR) adaptation
[39]. Multiple transformations are often used and are asso-
ciated with different sub-word models via clustering. Many
variations of MLLR have since been developed; of most rel-
evance to synthesis is probably the mixture transformation
model [21].

Another important element of modern speech recogni-
tion systems is the significant attention to system engineer-
ing. While the engineering aspects are often downplayed
as “uninteresting”, they have a major impact on the perfor-
mance of ASR systems and one might argue that the careful
experimentation behind good system engineering is also a
characteristic of good science.

3. ASR IN SYNTHESIS

Virtually every one of the above techniques is now incor-
porated in one or more concatenative speech synthesis sys-
tems. The more philosophical elements, including partici-
pation in competitive evaluations, are also playing a role in
the synthesis community. Below we survey areas in which
synthesis is benefiting from ASR technology, focusing on
a few significant areas rather than attempting to provide an
exhaustive review.

3.1. Speech Synthesis as a Search Problem

Probably the first idea from ASR that had a major impact on
synthesis was the dynamic programming search algorithm,
used for selecting units to concatenate from a large corpus.
Pioneering work in this area was at ATR [54]. The basic
idea is that, while it is sufficient to have one instance of
each unit in the database (e.g. all possible phone transitions
when using diphones) to be able to synthesize any possible
input, the output quality of a concatenative synthesizer can
be improved if there are multiple instances of each unit to
choose from, especially when automatic methods are used
to segment and annotate units. Having a larger number of
units to choose from during synthesis makes it possible to
find units that are more suitable for a given phonetic and
prosodic context, hence reducing the amount of additional
signal processing.

Selection of variable size units from large single-
speaker speech databases usually involves minimizing dis-
tortion introduced when selected units are modified and
concatenated, e.g. [54, 35, 34, 19, 24, 7]. This distortion is
represented in terms of two cost functions: 1) atargetcost,
which is an estimate of the difference between the database
unit ui and the targetti, and 2) aconcatenationcost, which
is an estimate of the quality of concatenation of two units

ui−1 andui. The task of unit selection, i.e. finding a se-
quence of database units that minimize the sum of the tar-
get and concatenation costs, is implemented with a Viterbi
search. The unit selection search is, in some sense, a reverse
of the decoding process in speech recognition. Instead of
finding a word sequence that best explains acoustic input as
in ASR, synthesis is about finding a sequence of acoustic
units to optimally represent a given word sequence. How-
ever, there are nice parallels that make the algorithms trans-
fer, i.e. the concatenation cost is like a state transition score
(though more powerful) and the target cost is like a state-
dependent observation probability. In both cases, context-
dependent phonetic subword units are concatenated to form
words, though in synthesis the “context” is likely to include
lexical stress and possibly prosodic variables.

As described above, the steps of recognizing phones
from acoustics and choosing words to match the phone se-
quence are coupled in ASR in a joint search routine that ef-
fectively delays assignment of phones to the acoustic stream
until it is clear that these phones can form a legitimate word
sequence. This idea of a delayed decision is used in cur-
rent unit selection algorithms for TTS, but it can be ex-
panded to include other stages of the synthesis problem as
well. For example, instead of predicting target prosody first
and then searching for units to match that target, alternative
prosodic realizations of a sentence can be evaluated jointly
with the unit sequence [13], so prosody prediction is effec-
tively a “soft” decision. This approach takes advantage of
the fact that one can convey essentially the same meaning
with prosodically different yet perceptually acceptable real-
izations of the same utterance, as evidenced by the variabil-
ity observed in different readings of the same text [52]. Tak-
ing this idea one step further, one can allow variation in the
word sequence and jointly optimize the wording, prosody
and unit sequence [15]. Of course, with every level of pro-
cessing where alternatives are allowed, the search space in-
creases. Hence, the “synthesis as search” view is probably
most useful for limited-domain applications.

3.2. ASR Tools for Annotation

In corpus annotation, speech recognition offers automatic
phonetic alignment and decision tree based clustering for
grouping speech segments according to their context. Hav-
ing the ability to reduce (or avoid) manual preparation of
speech corpora makes it possible to take advantage of large
databases and reduces the cost of developing new voices.

While the general methodology for automatic segmen-
tation (forced Viterbi alignment) is common in both syn-
thesis and recognition, there are differences in specific ap-
proaches. The output quality of a concatenative speech syn-
thesizer relies heavily on the accuracy of segment bound-
aries in the speech database, however, speech recogni-
tion systems are typically not optimized for the phonetic



segmentation task. To reduce forced alignment errors
researchers have investigated automatic error correction
methods [48], edge detector outputs as features [73], and
non-uniform HMM topologies (1-state HMM for fricatives
and 2-state HMM for stops) [4].

Decision tree clustering has also been used in speech
synthesis to define the inventory of units (similar to speech
recognition) either by tying HMM parameters to maximize
likelihood of the training data [24, 4] or by minimizing the
average distance between units in each cluster [10]. While
ASR includes only spectral envelope features in the objec-
tive function, synthesis may include acoustic/prosodic in-
formation such as pitch and duration. A more important
difference, however, is that ASR uses the combined statis-
tics from all the data in a cluster (leaf node of the tree),
whereas TTS uses specific speech instances in the clusters.
Further, “outliers” and overly “common” units are often re-
moved from their clusters [10]. Due to the binary nature of
decision tree splitting and the use of linguistic features to
choose between units, the resulting clusters may overlap in
the acoustic space covered even though they do not overlap
in terms of set membership. In synthesis, such overlapping
clusters may be desirable for finding the best unit sequence,
to the point of introducing sharing of some units in multiple
clusters [12].

3.3. Speech Models

Hidden Markov models have been used more directly in
speech synthesis in two ways: as a model on which to assess
or reduce target and concatenation costs, and as a generative
model for the actual synthesis process.

In concatenative speech synthesis, the output quality re-
lies on the system’s ability to avoid or reduce the artifacts
introduced when speech segments are spliced together. This
motivates the use of models of spectral dynamics, especially
for short-term dynamics at the unit boundaries. To this end,
HMMs have been applied in synthesis for a) assessing the
smoothness of joins between pairs of units formulated by
concatenation costs [25, 16], and b) smoothing spectral dis-
continuities at unit boundaries in the output waveform [49].

Initial work on using HMMs as a generative model was
dismissed, and in fact used anecdotally to demonstrate that
HMMs were not good models of speech by using them to
generate speech (a sequence of spectral parameters) either
through random sampling or with state distribution means.
The quality of both HMM recognition and synthesis, how-
ever, relies heavily on the ability of an HMM to capture
spectral dynamics. In [69, 71], an algorithm is described
for generating speech parameters from continuous mixture
HMMs with dynamic features. It was demonstrated that
synthetic speech obtained without dynamic features exhibits
perceptible discontinuities, while with dynamic features the
output speech is much smoother. This work has been ex-

tended to include source characteristics (fundamental fre-
quency) [70], and other statistical models have also been
investigated [26, 16].

3.4. Statistical models for prosody prediction

Work in using corpus-based machine learning techniques
for speech synthesis was pioneered by Hirschberg and col-
leagues [74, 31], using decision trees for symbolic prosody
prediction (prosodic prominence and phrasing). Since then,
a wide variety of data-driven techniques have been explored
for predicting symbolic prosodic events, including (for ex-
ample) combinations of decision trees and Markov process
models [52], hidden Markov models [11], and transfor-
mational rule-based learning [28]. Prosody prediction al-
gorithms for TTS rely on text normalization, tagging and
sometimes parsing to provide features as input to the mod-
els. While data-driven techniques have long dominated
work in tagging and parsing, text normalization (expansion
of abbreviations, numbers, etc.) was mostly based on ad hoc
rules. Recently, however, the use of trainable techniques
(including n-gram models and decision trees) has also been
extended to text normalization [61].

Corpus-based techniques have also played an important
role in predicting continuous prosodic parameters, partic-
ularly duration and intonation. While regression trees (a
variant of decision trees for predicting continuous variables)
are used for both applications, more sophisticated models
have emerged. For example, duration modeling using the
sums-of-products model [72] has been extended to incorpo-
rate data transformations in the data-driven estimation pro-
cess [6]. Corpus-based models of intonation include those
that are explicitly tied to a linguistically motivated symbolic
representation (e.g. ToBI tones) using a statistical dynam-
ical system model (an HMM extension) [53] or iterative
analysis-resynthesis training [60], as well as more explic-
itly data-driven approaches [68, 42].

4. LIMITATIONS

Fundamentally recognition and synthesis are different prob-
lems. ASR must account for speaker variability and ig-
nore speaker-specific details that are important for synthe-
sis quality. For synthesis, it is sufficient to generate a sin-
gle rendition of a sentence with high quality; even some
sources of intra-speaker variability can be ignored by the
model, particularly that associated with spontaneous speech
(e.g. disfluencies). Since recognition involves discriminat-
ing between different classes, discriminative learning tech-
niques are relevant and are becoming more pervasive in
speech recognition research [77, 18]. Synthesis, on the
other hand, requires a descriptive model – one that fully
characterizes the speech signal – in which case the maxi-
mum likelihood (ML) training criterion is most appropriate.



Indeed, research applying both types of criteria for learning
structural dependencies between observations in a buried
Markov model (HMM extension) show that an ML objec-
tive hurts recognition [9] but is preferred for synthesis [16].

One area where speech synthesis and recognition clearly
depart is in signal processing. ASR mostly ignores prosody
– which is vital to synthesis – and glottal source character-
istics more generally. As described above, recognition tasks
rely on mel-cepstral processing, even in speaker recogni-
tion where the source characteristics are likely to be rele-
vant. In speech synthesis, harmonic models of speech are
popular, e.g. [63, 45], because they tend to give high quality
speech in conjunction with duration and fundamental fre-
quency modifications needed for prosody control. Further,
mel-cepstral distances are shown in one study to be among
the worst predictors of audible discontinuities in perceptual
experiments [38], though other work shows that the per-
formance difference relative to the best case (a Kullback-
Liebler spectral distance) is not that large [64].

Another area where speech recognition technology is
limited, again because of the poor representation of source
characteristics, is in voice conversion (or transformation).
Voice conversion is an important technology for delivering
a variety of voices using corpus-based synthesizers, whether
concatenative or HMM-based. ASR adaptation techniques
have long been used for speech synthesis voice conversion
[1], and for spectral conversion (i.e. ignoring source char-
acteristics) it makes good sense as the two problems are
essentially the same. Given a large amount of data for
training the initial model (typically speaker-independent for
ASR, speaker-dependent for TTS), and a small amount of
data from a target speaker, find a mapping to transform the
source model to match the target speaker. Not surprisingly,
MLLR has been applied to speech synthesis [66], and one
can show that the Gaussian mixture mapping used in syn-
thesis [65, 37] is equivalent to the mixture MLLR approach
[21]. However, these techniques provide only a partial so-
lution, since they fail to capture the prosodic idiosyncrasies
and glottal source characteristics of the speaker. There is
some work showing that one can apply the same adaptation
techniques to both spectral and source parameters [3, 67],
but these operate at essentially the frame level and much
more research is needed to effectively adapt the supraseg-
mental characteristics of a speaker.

5. SPECULATIONS

There is some concern that there has been an over-emphasis
on ever larger data sets and faster computing (consistent
with ASR) at the expense of fundamental research. The
same concern is raised for ASR, of course, leading some
to say that ASR has reached a local optimum that will re-
quire significant change to break out of. Whether or not this

is the case for ASR, corpus-based synthesis is clearly not
at a “plateau” yet, being still in its early stages, and there
are significant gains yet to be had by pursuing the current
research trends. Furthermore, future advances in ASR may
provide new avenues for use of ASR techniques. However,
it would be a mistake to completely abandon the more fun-
damental speech modeling questions traditionally the do-
main of synthesis research. We argue here that parametric
and data-driven techniques can and should co-exist, and fur-
thermore that advances in data-driven parametric synthesis
will eventually impact speech recognition.

5.1. ASR and Parametric Synthesis

Although concatenative synthesis systems are thought by
many to be higher quality than parametric synthesis sys-
tems, there are many demonstrations of copy synthesis that
show the potential for very high quality from the paramet-
ric approach. The parametric approach tends to be better
suited to scenarios with a large variety of voices; generation
of speech with singing, whispering or laughing; and small
footprint or low power applications. A key limitation of
parametric synthesizers has been the high cost of rule devel-
opment, but ASR tools offer the potential to change this, in
combination with advances in estimating articulatory and/or
formant and glottal source control parameters from speech.

Traditionally, formant synthesizers have been imple-
mented with manually derived rules that specify the formant
trajectory, but it is possible to create data-driven formant
synthesizers. For example, HMMs have been used for for-
mant synthesis [2], similarly to [69, 70] but using formant
frequencies and bandwidths as features. To make this possi-
ble it is crucial that the formant extraction is done as part of
the HMM parameter training and not done independently.

5.2. Can Synthesis Impact Recognition?

In our own work, synthesis already has had an influence on
ASR, including the use of text normalization tools [61] for
language modeling [56] and the use of word/syllable struc-
ture in context conditioning for HMM distribution cluster-
ing [24, 57]. Other ASR researchers are looking to use for-
mants as hidden features in the search space in the so-called
hidden dynamical systems [20]. We also hypothesize that
acoustic modeling improvements that lead to better pho-
netic segmentation for TTS applications will generalize to
infrequent contexts better and hence offer improvements to
ASR. However, none of these examples are broadly adopted
in ASR. While there will probably be more such examples,
we see two main areas where synthesis may have a more
significant impact on recognition in the future: in the use of
prosody for speech transcription and understanding, and in
speaker recognition.



There is growing evidence that prosody may be useful
for speech recognition, including recent work by Stolcke
incorporating a pause language model [62] and in context-
dependent acoustic modeling [58]. However, prosody is
clearly important for applications where more than just a
word transcription is needed. One important area is in spo-
ken dialog systems, where prosody can be useful for dialog
act recognition as well as in parsing [5]. A second area
is annotation of structure in speech, including punctuation,
disfluencies and topic segmentation [59]. While still in early
stages, representation of emotion in speech is also of inter-
est for augmented transcriptions.

Though prosody played a role in early speaker recogni-
tion systems [29], prosodic features have mostly been aban-
doned for cepstral features in the context of Gaussian mix-
ture models. Recently, however, there is renewed interest
in prosody in the area of text-independent speaker recogni-
tion with extended speech sources, where modeling of high
level patterns of word usage and speaking style are possi-
ble. In this context, it was shown that prosodic features can
provide added information on top of the standard cepstral
cues in [75]. Further gains may be possible by investigating
synthesis-style signal processing that better captures source
characteristics.

Much of the work on prosody modeling for recogni-
tion applications has not built on synthesis models, in part
because of the inherent difference in speaker-independent
recognition vs. speaker-specific generation. However, as the
prosody models become more speaker-specific (for speaker
identification) or speaker-adaptive (for recognition), we an-
ticipate that prosody modeling will be a fruitful area for col-
laboration between synthesis and recognition researchers.
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