Modeling Intonation Variability with HMM for Speech Synthesis
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1. Introduction
In recent years, corpus-based technology has brought major
improvement in speech synthesis quality. The synthesized
signal is the result of concatenating a string of acoustic units
of variable length using as little signal processing as possible.
Corpus-based technology performs well on homogeneous
corpora with neutral speaking styles.
However, this technology is less successful for small or
expressive corpora with more prosodic variability and less
acoustic candidates for each contextual unit. In these cases, a
prosody model is needed in order to better control unit
selection or signal modification.
Ideally, a prosody model should be data-driven and
statistical, i.e. capable to adapt to different corpora, speakers,
speaking styles, etc. Such statistical, data-driven models have
already been successfully used in unit selection for speech
synthesis [1], speech recognition [2], and some work has
already been done for prosody modeling [3].
However, prosody depends on many complex factors that
are difficult to identify, such as speaker attitude, intention,
and core accent of the sentence, etc. Even for the most
advanced textual descriptions used in the Concept-To-Speech
framework, there is no bijection between linguistics and
prosody.
For instance Figure 1 shows two pitch curves of the
French word "d'accord" from two different utterances. The
pitch curves are significantly different even though the
linguistic contexts are similar. The differences likely come
from para-linguistic information, i.e. pragmatic or semantic
information. Nonetheless, there are few elements to explicitly
describe this additional para-linguistic information in a robust
manner. Tagging this information, even manually, is currently
out of reach.
In this paper, we include hidden information in order to
model intrinsic variability in speech. Our proposed intonation
model uses both linguistic information and an unsupervised
HMM to deal with intrinsic variability in speech. Examining
the example in Figure 1 again, under the same linguistic
context, we expect that the HMM will accurately model both
realizations.
Following the present introduction, section 2 describes the
proposed intonation model and its subcomponents: intonation
stylization, tree classification, and HMM modeling. Section 3
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This paper proposes a statistical intonation model designed to
deal with intrinsic variability in speech. In combining the
advantages of two well-known statistical algorithms, CART
and HMM, the proposed model takes advantage of available
linguistic information and successfully tackles the issue of
missing para-linguistic information. Promising results of the
training process are shown and analyzed.
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Figure 1: Log fundamental frequency curves of the word
"d'accord" (OK) in two different utterances: "D'accord, je le
conserve." (OK, I keep it) on the left figure, "D'accord, à
partir de maintenant vous avez des messages courts." (OK,
from now on you will hear short messages) on the right figure.
Dash lines correspond to syllable boundaries (d'a-ccord).
then presents the results of experiments evaluating the model.
Section 4 summarizes our conclusions and presents future
works.

2. Introducing variability into a statistical
intonation model
Figure 2 shows a diagram of the intonation model proposed in
this paper. It consists of 3 consecutive steps: syllable-based
intonation stylization and annotation, tree classification, and
HMM modeling.
2.1. Intonation stylization and annotation
The proposed intonation model is linguistically anchored,
considering syllables as the elementary prosodic units. Each
syllable is represented by a feature vector extracted from the
acoustic utterance.
First, we consider the fundamental frequency (F0). As in
[4], we perform pre-processing in order to remove gross
errors generated by the automatic F0 extraction and also to
remove microprosody. The result is a corrected F0 contour,
expressed on a logarithmic scale.
Next, each utterance is segmented into breath groups,
syllables, and phonemes, with the nucleus identified for each
syllable. As in [5], we fit the F0 contour on each vocal nucleus
with a second-order polynomial. We then create a 3dimension syllable intonation vector comprised of the points
located at 10%, 50% and 90% of the total contour duration.
A Karhunen-Loeve transformation is applied to all the
intonation vectors in order to normalize and linearly decorrelate the components. The intonation vectors are first
mean and variance normalized according to the speaker
characteristics. They are then projected onto a new vector
space in which the components are orthogonal. The
Karhunen-Loeve transformation parameters are trained from a
training corpus and then applied to any intonation vector.
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Figure 2: Overview of the proposed intonation model for the
French utterance "Je l'appelle." (I call him), composed of 3
syllables. Step 1 is the syllable-based intonation stylization
from automatic F0 extraction and the linguistic annotation;
step 2 is CART tree classification; step 3 is HMM modeling.
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Figure 3: Example of transition matrix A. The tree results
in 2 classes C1 and C2. C1 is splitted into 2 states
(Qn ∈ S(C1) = {1,2}), the other states are associated to
C2. The term a42 corresponds to p{C2, C1}(Qn=2|Qn-1=4).
We then define a standard HMM:
P(O,Q) = P(O1,…ON,Q1,…QN)
N

= PT(L1) (Q1)P(O1)∏ P{T(Ln),T(Ln-1)}(Qn|Qn-1)P(On|Qn)
n=2

For each utterance the result of the previous step is a sequence
of 3-dimension normalized intonation vectors, {On}1≤n≤N,
gathered into breath groups.
The syllables are also automatically annotated with
linguistic information. Linguistic tags deduced from the text
include: word parts of speech (POS), position of the syllable
in the word, position of the word in the breath group, and
breath group type. These tags are gathered into linguistic
feature vectors, described as {Ln}1≤n≤N, which combine the
tags of the previous, current and following syllables.
Each utterance is thus associated with a sequence of
feature vectors {Vn}1≤n≤N combining intonation vectors and
linguistic feature vectors: Vn=(Ln, On).
2.2. Tree Classification
As done in many state-of-the-art prosody models [6], a CART
is built to model intonation. The predicted variables are the
intonation vectors On and the possible splitting criteria are the
components of the linguistic feature vector Ln.
The
CART
is
described
as
a
function
T: Ln → TOtrain (Ln) = Cn. The tree is trained on a training
corpus Otrain = {O1…ON}. The tree function assigns each
feature vector Vn to a corresponding class Cn.
Depending on a complexity threshold fixed manually, the
tree size and number of syllable classes may vary. A low
complexity tree corresponds to a small tree with few syllable
classes whereas a high complexity tree corresponds to a larger
tree with more syllable classes.
2.3. HMM modeling
The HMM modeling step is designed to deal with
unexplained intonation variability. It introduces hidden states
that allow several different prosodic realizations for a given
linguistic context. The hidden states are linguistically
dependent: a tree class is split into several hidden states; each
hidden state is associated to one single tree class.
The hidden states are defined as {Qn}1≤n≤N. The class/state
association is defined by the split function S: Cn→S(Cn),
S(Cn) being a subset of the hidden states Qn.

We define the transition matrix A={aij} as:
p{Ck, Cl}(Qn=j|Qn-1=i) = aij such that (i, j) ∈ (S(Ck), S(Cl))
with the property: ∀ (i, l),

∑

aij=1.
j∈S(Cl)

Figure 3 illustrates an example of such a transition matrix A.
It is a full matrix composed of independent blocks
representing the transition submatrices from one class to
another. Each block is normalized as a usual transition matrix,
i.e. the sum of the coefficients over a line is 1.
Similarly we define the initial probabilities Π ={πi}1≤i≤N as:
pCk(Q1=i) = πi such that i ∈ S(Ck)
with the property: ∀ k,

∑ πi=1.

i∈S(Ck)

We define the observation probabilities B={bj}1≤j≤N, the
probability of a particular observation vector at a particular
instant n for state j being modeled as a Gaussian probability
law described by: bj(on) = p(On=on|Qn=j) = N(on |µ j;Σj).
The parameters of the model λ={B;A;Π} are trained
similarly to standard HMM with an ExpectationMaximization algorithm. We wish to find the optimal model
parameters λ* which maximizes the likelihood P(Otrain|λ). The
equations were implemented to take into account the new
form of the initial and transition probabilities.
As the training data were decorrelated in a previous step,
we suppose that the data are approximately decorrelated for
each state. We thus choose diagonal variance matrices to
reduce the number of parameters. The initial parameters are
obtained from a Vector Quantification computed for each tree
class.

3. Experiments
3.1. Material
We tested our model on a corpus of French utterances
designed for France Telecom Interactive Vocal Response
(IVR) servers. They were recorded by a professional female

speaker for the operational server; the prosody is thus natural
and expressive. The corpus consists of 582 sentences, 1033
breath groups and 6439 syllables.
The utterances were manually segmented into phonemes.
Syllables were automatically deduced from phoneme
segmentation and were automatically tagged with linguistic
tags. Fundamental frequency is automatically extracted every
10 ms and stylized according to 2.1.
3.2. Experiments
We conducted experiments in order to measure the
appropriateness of the model to fit on real data and to
determine the optimal parameters for the different steps.
The experimental process consisted in training the
parameters (normalization, tree, HMM) on a training corpus
and test the likelihood on a separated test corpus. For each
experiment we measure the log-likelihood of the training
corpus, the log-likelihood of the test corpus, the overall
number of states and the Root Mean Square Error (RMSE)
between the natural utterance and the estimated solution
obtained by the Viterbi algorithm.
The model parameters to be adjusted are the complexity
(cp) of the CART tree (HMM -only 1 leave in the tree-; low
complexity -few leaves in the tree-; middle complexity; high
complexity -high number of leaves-) and the number of states
associated to each class (for a class gathering M syllables we
limit the number of states associated to the class to a
maximum of int(M/100) + 1). Figure 4 and Figure 6
correspond to 1 to 8 states per class, whereas Figure 5 and
Figure 7 also display experiments with a higher number of
states per class.
In order to get significant results, each experiment was
reproduced 10 times with a random split of the overall corpus
into the training corpus (80% utterances) and the test corpus
(20%).
3.3. Results: log-likelihood comparison
Figure 4 and Figure 5 show the evolution of the syllable
average log-likelihood with the different parameter sets. The
plotted curves show the mean values of the log-likelihood of
the training corpus (plain line) and the test corpus (dash line)
with their 95% confidence intervals. The confidence intervals
might not be visible when they are smaller than the symbols.
Figure 4 shows the evolution of the log-likelihood for
both the training and test corpora for several tree complexities
and several numbers of states per class. The blue curve with
square symbols corresponds to standard ergodic HMM, with
all transitions between states allowed. In our formalism it
corresponds to the case where there is one single class Cn. The
left points of each curve correspond to one state per class;
they are the results obtained with only the tree classification,
i.e. without any split into hidden states. The average number
of classes obtained with the tree classification is 4.0 for low
complexity trees, 7.8 for middle complexity trees and 12.3 for
high complexity trees.
For all experiments the difference between the scores
obtained on the training corpus and the test corpus are quite
low. This is a sign of good training behavior.
For both corpora the log-likelihood increases with the
number of states per class. This shows that the HMM model
captures well speech variability, and that this variability is
reproducible.

The higher complexity models tend to give better results
than the lower complexity models. The tree models (low-cp,
middle-cp and high-cp) perform much better than the standard
HMM for the same number of states per class. However the
comparison is not really fair since the overall numbers of
states is lower for the low complexity models than for the
high complexity models, for a given number of states per
class.
Figure 5 plots the evolution of the syllable average loglikelihood as a function of the overall number of states in the
HMM on the test corpus. The overall numbers of states were
grouped into 5-state large intervals in order to simplify the
plots and get 95% confidence intervals.
The general trend is that less complex trees get higher
likelihood for similar overall number of states. However the
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Figure 4: Evolution of the log-likelihood of the training and
test corpora with the complexity (cp) and the number of states
per class.

Figure 5: Evolution of the log-likelihood of the test corpus
with the complexity (cp) and the overall number of states.

standard HMM (the lowest complex tree) overtrains and does
not reach the log-likelihood of the other models. The low-cp
model appears the best trade-off, reaching high likelihood
with fewer states than the other more complex models.

corpora. As the speaker average F0 is 211Hz a semi-tone
corresponds roughly to 13Hz.
On both figures training and test curves are close: no
overtraining appears yet for the RMSE criterion.
The ranking of the models changes if the comparison is
done for the same number of states per class or for the same
overall number of states. For instance the HMM model has
the worst performance in the former case and the best in the
latter case. However, neither of these scales allows clear
insight into our problem. Figure 6 compares models with
different overall complexity whereas Figure 7 compares
models in which the number of states available for the
decoding of each syllable differs. Indeed, for each syllable,
the Viterbi decoding selects one state among the available
states for the syllable, whose number corresponds to the
number of states per class. Due to the different results
obtained on the different scales, there is no clear evidence on
which model outperforms the others for the F0 RMSE.

4. Conclusion

Figure 6: Evolution of the F0 RMSE of the training and test
corpora with the complexity (cp) and the number of states per
class.

In this paper, we propose a statistical intonation model
that captures unexplained variability in speech. Initial results
demonstrate good training behavior of the model on "realworld" data. The model significantly outperforms its two
subcomponents -CART and HMM- taken independently.
Experimental results also suggest that a low-complexity tree
with a high number of hidden states for each class (8 or more)
is the best compromise between maximizing likelihood and
minimizing complexity.
The results are promising but work remains in order to
use such a model for speech synthesis. Indeed the scores
shown here are only likelihood and RMSE, measured on
natural utterances. Future work will focus on using the model
to synthesize speech, either to generate an intonation curve or
to assist in unit selection, and also will involve subjective
evaluation.
Additionally, future work could combine the two
components that are currently handled sequentially -HMM
and CART- into a single statistical framework, with each
component taking into account the other's behavior. Such a
unified framework is appealing, though much care is needed
to avoid a excessive increase in the number of parameters.
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