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Abstract
In this paper, we present a prototype for real-time speech

synthesis. Statistical parametric speech synthesis is a rela-
tively new approach to speech synthesis. Hidden Markov
model based speech synthesis, one of the techniques in this
approach, has been demonstrated to be very effective in syn-
thesizing high quality, natural and expressive speech. In
contrast to unit selection techniques, HMM-based speech
synthesis provides high flexibility as a speech production
model, with a small database footprint. In this work we
modified the publicly available HTS engine to establish a
streaming architecture, called streaming-HTS or sHTS, which
provides us with a basis for further research for a future fully
real-time speech synthesis system. Quantitative evaluations
of the system showed that the degradation of speech qual-
ity in sHTS is small with reference to HTS. These results
were supported by subjective evaluation, which confirmed
that HTS and sHTS can hardly be distinguished.

Keywords: HMM, speech synthesis, statistical parametric
speech synthesis, real-time, performative, streaming

1. Introduction
While the the mainstream application area of speech synthe-
sis is Text-To-Speech (TTS) synthesis, real-time interaction
with speech synthesis systems has received growing interest
these last years.

At University of MONS, the research activity of the NU-
MEDIART Insititute for digital art technology aims at de-
veloping audio, video, and sensor-based systems for enhanc-
ing the interaction between artists (or their installations) and
their public. One research axis is devoted to digital luth-
ery, i.e. on the design of new digital instruments, or of aug-
mented instruments, i.e. instruments built by adding digital
interfaces on existing instruments.

This work broadly falls into the recently-shaping “per-
formative speech synthesis” field. Previous research work
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in this area from our group include MaxMBROLA [1], a
diphone-based synthesizer ported to Max/MSP and used in
an avant-guarde opera performed by robots (Armageddon,
created by French musical creation center ArtZoyd [2]). We
also developed RAMCESS [3], a real-time singing synthe-
sizer using an analysis/resynthesis method based on mixed-
phase speech modeling, and the HandSketch [4], a bi-manual
controller designed from the ground up for digital instru-
ments.

For the next steps in our research, we want to benefit from
the recent outgrowth of statistical parametric synthesis. As a
matter of fact, in contrast with concurrent concatenative syn-
thesis approaches which require the recording of very large
databases for covering the wide variations found in expres-
sive speech, statistical parametric speech synthesis systems,
train statistical models with various features using speech
databases, and generate speech from the trained models. A
prominent method in this approach employs hidden Markov
models (HMMs). An implementation of an HMM-based
speech synthesis, HTS [6] is readily available and widely
used. HTS features small database size, easily changeable
voice characteristics and models a large amount of contex-
tual factors. It produces highly intelligible speech.

To the best of our knowledge, a performative HTS-based
speech synthesis system has not been attempted yet. Our
aim in this work is thus to restructure the HTS code into
a real-time back-end system, and evaluate the new systems
performance in terms of segmental quality.

In this paper we give an overview of HTS as a compre-
hensive implementation of HMM-based speech synthesis.
We continue with the description of our streaming architec-
ture for HTS. Finally results from objective and subjective
evaluations are presented.

2. HMM-Speech Based Synthesis with HTS
As computer technology evolves and the power and resources
of computer increases, the task of building more and more
natural and intelligible synthetic voices progresses rapidly.
The need for smaller synthesizer footprints and more flex-
ible control of synthesis has brought researchers to envi-
sion other ways of using the knowledge contained in the
database. The so-called statistical parametric speech syn-
thesis does not use real speech samples at synthesis runtime.

Instead, the pre-recorded database is analyzed and vari-
ous production features are extracted, e.g. spectral envelopes,



fundamental frequency, duration of the phonemes, as well as
as first and second time derivatives of these features [7].

Then the extracted features are used to train a statisti-
cal model. In HTS, for instance, each phoneme is typi-
cally modeled by a 5-states HMM, and the multidimensional
Gaussian pdf associated to each state is made by the concur-
rent training of a context-dependent decision tree. At syn-
thesis time, the HMM models of each phoneme in the tar-
get sentence are concatenated, and synthetic speech spectral,
pitch, and duration trajectories are generated from HMMs
themselves, based on a maximum likelihood criterion [8].
Finally the statistical model is used for generating trajecto-
ries, regarding a given target. These trajectories are used to
control a voice production model in order to synthesize the
speech [9].

As a result, the overall footprint of the system is fairly
small (around 1MB per voice), as just the trained statistical
model is need to run the system. This makes HMM speech
synthesis a perfect candidate for portable applications such
as those targeted in digital lutherie. On the other side, the
use of a production model rather than real waveforms intro-
duce a small loss in segmental quality, but definitely not as
much as in the early rule-based synthesis systems.

Figure 1 is a block diagram of the HMM-based speech
synthesis system. The basic architecture of an HTS system
consists of two parts, the training and the synthesis, that will
be discussed in the next subsections.

Figure 1. Block diagram of the HMM-based speech synthe-
sis system: the training and synthesis parts [12].

2.1. Training Part
In the training part of HTS, both spectrum (mel-cepstral co-
efficients and their dynamic features) and excitation (log F0
and its dynamic features) parameters are extracted from the
given database of natural speech and then are modeled by
a Figure 2. Decision trees for context clustering [12] set of
context-dependent HMMs. Notice that not only phonetic,

but also linguistic and prosodic context is taken into ac-
count. More specifically, the output vector of HMM con-
sists of the mel-cepstral coefficient vector, including the ze-
roth coefficients, their delta and delta-delta coefficients and
of the log fundamental frequency vector, its delta and delta-
delta coefficients. In order to model speech in time, HMMs
model the state duration densities by using a multivariate
Gaussian distribution [10]. As it was described above, in
order to handle the contextual factors, such as phone iden-
tity factors, stress or accent related factors that affect the
targeted synthetic speech output, we use context-dependent
HMMs. As the number of these factors increase, greater va-
riety of prosodies, intonations, emotions and tones of voice
become available, as well as different speaker individualities
and speaking styles, leading to higher degrees of natural-
ness. On the other hand, increasing the number of factors in-
creases the number of possible combinations exponentially.
Thus, the model parameter estimation is not precise enough
when the training data are sparse, i.e. not covering the entire
contextual space. In HTS, this problem is solved by apply-
ing decision-tree based context clustering techniques [11].
As mentioned, magnitude spectrum, fundamental frequency
and duration are modeled independently, therefore there is
a different phonetic decision tree for each one, as illustrated
in Figure 2.

Figure 2. Decision trees for context clustering, [12].

2.2. Synthesis Part
In the synthesis part of HTS, the initial input is the target
text to be transformed into synthetic speech. This text is
parsed and mapped into a context-dependent phonetic label
sequence, which is then used to construct an HMM sen-
tence by concatenating the context-dependent HMMs ac-
cording to this label sequence. When the sentence HMM
is constructed, the sequences of spectrum and excitation pa-
rameters are generated, [13]. Finally, by using these gener-
ated parameters and a synthesis filter module, in this case
an MLSA filter [14], a speech waveform is created. Based
on the nature of statistical parametric speech synthesis, by
modifying the HMM parameters we can obtain different voice



qualities of synthesized speech. It has been proved that by
using speaker adaptation [16], speaker interpolation [17], or
eigenvoice techniques [15] the voice characteristics can be
modified.

2.3. Advantages of HTS
Compared to other systems, the main advantage of HTS is
its flexibility. It is possible to change the voice characteris-
tics, speaking styles, emotions and prosodic features simply
by transforming the parameters of the model. Eigenvoice
techniques [15] can be applied in order to create new voices.
Interpolation techniques enable us to synthesize speech with
various voice characteristics, speaking styles, and emotions
that were not included in the natural speech database used
for training our system and by applying multiple regression
we can control these voice characteristics.

Additionally, HTS has a small number of tuning param-
eters; it is based on well defined statistical principles and it
uses the source filter representation of speech, providing the
flexibility to control and modify the magnitude spectrum,
fundamental frequency and duration of speech are output
separately. Furthermore, a small amount of training data is
enough to create statistical parametric speech synthesis sys-
tems, which leads to a very small footprint. HTS has also
a memory-efficient, low-delay speech parameter generation
algorithm and a computationally-efficient speech synthesis
filter.

All the characteristics mentioned above make HTS suit-
able not only for static embedded applications and mobile
devices, such as Text-To-Speech applications (TTS) but also
for real time performative speech synthesis, vocal expressiv-
ity and interaction.

3. Real-Time HTS : Streaming HTS
The concept of real-time can usually be understood in vari-
ous ways. In computer science, it often means that the up-
date of the output information of a given process occurs at
the same rate as that of new input information. In other
words, a real-time computer system may require some knowl-
edge of the future of its input to produce it current output :
the system is still causal, and its requirement for time look-
ahead is implemented in a buffer, which implies that the
process exhibits some delay. When we move to the field
of performative realtime, real-time implies the possibility
to use a process in a musical performance, in which de-
lays must be strictly controlled. For the specific case of a
speech synthesis system, for which coarticulation is known
to have forward and backward effects (the latter being the
most challenging for the delay issue), this implies that a
given phoneme cannot be produced correctly if some fu-
ture information is not known. The main question in this
case comes down to: “how much of the future of a lin-
guistic stream must be known to be able to produce natural

sounding speech?”. Statistical parametric synthesizers offer
a wonderful testbed for answering such a question.

In order to make this possible, we needed to apply some
modifications in the initial HTS offline run-time code. As a
matter of fact, as described in the previous section, HTS syn-
thesizes speech on the basis of complete sentences. Thus, in
the offline architecture of HTS, all the contextual informa-
tion from the full input is used. In other words, the intrinsic
delay of this architecture if considered in a real-time per-
spective is one sentence.

3.1. Towards a streaming architecture of HTS
In direct contrast to the offline HTS approach and to the
targeted real-time performative system, we achieved an in-
termediate step in this work. The streaming version of HTS
we have tested here, also called sHTS, works on a phoneme-
by-phoneme basis, i.e. it produces the samples for a given
phoneme each time a new phoneme is sent to it as input.
What is more, its delay (i.e. the number of future phonemes
required for synthesizing the current phoneme) can be con-
strained (to one, two, or three phonemes, for our experi-
ments). More specifically, we use an already trained HTS
system, in which we change the way the HMM that models
the sentence is constructed from the phonemes, and conse-
quently the way the sequences of spectrum and excitation
parameters are generated. We still use pre-computed con-
text dependent phonetic labels that contain all the contextual
information of a full text sentence, but all this information
is not directly used for the feature synthesis step. Instead,
for each given label, a sentence HMM is constructed, and
for this single label the sequence of spectrum and excitation
parameters are generated. The speech waveform synthe-
sized from these parameters contains the synthetic speech
that corresponds only to the given input phonetic label.

In this way, the sHTS parameter generation is achieved
by computing many locally-optimal paths for the decision
tree, which, when combined make a sub-optimal total path,
instead of computing one total optimal path for the whole
input sentence.

In the current implementation, even though the complete
sentence context information is available, the system only
has access to information corresponding to a single label at
each iteration. In Figure 3 we present a simple block di-
agram of how labels are processed in the synthesis part of
HTS and modifications that lead to sHTS.

3.2. sHTS Look-ahead
In a first experiment, we synthesized speech by processing
the input phonetic labels one-by-one, using only the cur-
rent label at each iteration (i.e., no information related to
past labels, and no information about future labels either),
and obtained the complete sentence waveform by simply
concatenating the phoneme-level waveforms. As expected,
this approach synthesizes phonemes as if they would be pro-
duced in isolation, i.e., surrounded by silence, and embark-



                 (a)                                                            (b)  

Figure 3. Block diagram of synthesis part of (a) offline HTS
and (b) streaming HTS.

ing some kind of on- and offset. In order to overcome this
problem we decided to introduce a small look-ahead buffer,
whose length could be imposed at run-time. This greatly
improved the output speech quality, even in the single label
look-ahead case: the resulting synthesized speech sounds al-
most as natural and as intelligible as the synthesized speech
from the offline version of HTS. Section 4 details the tests
we made to assess this first impression.

4. Objective and Subjective Tests
For our tests we used the speaker-dependent training demo
in English that is provided in [18]. Speech was sampled
at 16 kHz and we used 5-state left-to-right HMMs. The fol-
lowing is a list of the contextual factors we took into account
for training the English voice:

• phoneme

– {preceding, current, succeeding} phonemes 1

– position of current phoneme in current syllable

• syllable

– number of phonemes at {preceding, current, suc-
ceeding} syllable

– accent of {preceding, current, succeeding} syl-
lable

– stress of {preceding, current, succeeding} sylla-
ble

– position of current syllable in current word

– number of {preceding, succeeding} stressed syl-
lables in current phrase

1 The two preceding and the two succeeding phonemes of the
current phoneme are taken into account

– number of {preceding, succeeding} accented syl-
lables in current phrase

– number of syllables {from previous, to next}
stressed syllable

– number of syllables {from previous, to next} ac-
cented syllable

– vowel within current syllable

• word

– guess at part of speech of {preceding, current,
succeeding} word

– number of syllables in {preceding, current, suc-
ceeding} word

– position of current word in current phrase

– number of {preceding, succeeding} content words
in current phrase

– number of words {from previous, to next} con-
tent word

• phrase

– number of syllables in preceding, current, suc-
ceeding phrase

– position in major phrase

– ToBI 2 endtone of current phrase

• utterance

– number of syllables in current utterance

At run time, we use full label files, where each line is an
alpha-numerical character sequence encoding all the infor-
mation listed above for one phoneme, which is then input
into the system. In HTS, all of the labels are used at once.
In sHTS, one line (label) is input into the system at a time.

We synthesized speech produced by both HTS and sHTS,
using all the pre-computed label files. We immediately ob-
served that the state durations were different between the
two approaches. This is because the durations are modeled
more smoothly when all the information from the phonetic
labels is provided to the system.

We forced both systems to use the same state durations
(those provided by the HTS system), so as to be able to
compare our results on a frame-by-frame basis. With this
modification in place, we evaluated the quality of speech
synthesized by sHTS by comparison to the original offline
HTS synthetic speech, by using both objective and subjec-
tive measurements. More specifically, we evaluated the sHTS
results using look-ahead buffers of one, two and three pho-
netic labels, which we will refer to as sHTS1, sHTS2, sHTS3,
respectively.

2 Tones and Break Indices



4.1. Objective Evaluation
In order to evaluate the distortion introduced by sHTS, we
created a test database consisting of 40 sentences synthe-
sized by HTS, sHTS1, sHTS2 and sHTS3.

We chose two metrics previously used in related research
to evaluate test data.

The first metric we used is mel-cepstral distortion [19],
a distance measure calculated between mel-cepstral coeffi-
cients. Mel-cepstral distortion is defined by

Mel − CD =
10

ln(10)

√√√√2

D∑
d=1

(mc
(HTS)
d −mc(sHTS)d )2

(1)
wheremcd are mel-cepstral coefficients generated by the

two different systems, and D is the mel-cepstral coefficient
order. We applied this metric to the mel-cepstral coefficients
generated by three test groups (sHTS1, sHTS2, sHTS3) and
the results are presented in Table 1.

Table 1. Mean mel-cepstral distortion (Mel-CD) and 95%
confidence intervals between HTS and sHTS with one, two
and three future label buffers, in dB.

Mel-CD (dB) Male Voice Female Voice
sHTS1 2.76± 0.31 2.49± 0.33
sHTS2 2.68± 0.32 2.40± 0.34
sHTS3 2.63± 0.32 2.38± 0.34

The second metric we used is spectral distortion (SD),
[20], which is defined by

SD2
n =

202

2π

∫ π

−π

(
log10|Hn(ω)| − log10|H̃n(ω)|

)2
dω

(2)
where Hn(ω) are short-time Fourier transforms of corre-

sponding (n-th) time-windowed frames from HTS and sHTS
synthesis waveforms.

We applied discrete-time analogs of SD to our three test
groups (sHTS1, sHTS2, sHTS3) and the results are pre-
sented in Table 2.

Table 2. Mean spectral distortion (SD) and 95% confidence
intervals between HTS and sHTS with one, two and three
future label buffers, in dB.

SD (dB) Male Voice Female Voice
sHTS1 0.88± 0.12 1.21± 0.19
sHTS2 0.75± 0.10 1.19± 0.21
sHTS3 0.73± 0.10 1.20± 0.22

Both methods show that as the buffer size is decreased,
the degradation increases as expected, albeit not significantly.

This shows that using only one look-ahead phonetic label
(similar to what is essentially done in diphone-based synthe-
sis) results in segmental quality that is very close to (if not
hardly distinguishable from; see below) using more look-
ahead phonetic information.

4.2. Subjective Testing
For the subjective evaluation of the three sHTS approaches
compared to the HTS we used the ABX method [21]. Our
test database contains 66 different speech samples with du-
rations of two to four seconds for each method. By using
this database we created an ABX test with 30 questions.

The first 10 questions compare the synthesized speech
output of HTS to the synthesized speech output of sHTS
that uses one future label (sHTS1); in the same format, the
next 10 questions compare HTS output to speech output of
sHTS that uses two future labels (sHTS2) and the last 10
questions compare the output of HTS to the speech output of
sHTS that uses three future labels (sHTS3). For each user a
uniquely randomized test was generated, and for each ques-
tion of the test, A and B options were randomly selected be-
tween the HTS sample and the version of sHTS that was be-
ing tested. In total we conducted 59 different tests that were
completed by both speech and non-speech experts. Note
that in the ABX method, 50% error rate means perfect con-
fusability, i.e. that the two methods being tested are indis-
tinguishable from each other. The results we obtained show
relatively high confusability, enough to confirm that sHTS
can be used in place of HTS.

Table 3. Error rate between HTS and sHTS1, sHTS2, sHTS3

sHTS1 vs. HTS sHTS2 vs. HTS sHTS3 vs. HTS
37.83% 37.66% 38.83%

5. Conclusions
Converting HTS from the original offline architecture to a
streaming architecture takes us one step closer to a full real-
time performative system. The results we have obtained
so far are very encouraging, as they confirm that HTS can
be used with only one look-ahead phoneme, as in diphone-
based synthesis, with no significant distortion compared to
full sentence look-ahead. Going further will require inter-
facing this streaming version of HTS with controllers for in-
putting phonetic labels on the fly, and for controlling pitch,
duration, and voice quality in real-time. This of course re-
quires further architectural modification in both the synthe-
sis and the training part of an sHTS, and certainly the devel-
opment of an appropriate interface that will combine ges-
tures and voice synthesis. Finally, the main issue we will
have to face (as anyone working on performative speech
synthesis) is that of the ability of a human performer to con-
trol a large amount of control dimensions.
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