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Abstract—The paper continues some previous works and
analyzes the possibility of phoneme generation with Elman-
type neural networks. The vowels are composed of repetitions
of the same elemental pattern with certain variations (assumed
to be chaotic) of the signal parameters. The Elman-type
network proved adequate to learn and generate independently
in an open loop the elementals with signal parameters
controlled by chaotic sources. The experimental results
demonstrated that the technique can be further developed and
used in synthesized speech.
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I. INTRODUCTION

Natural language processing along with its applications
in synthetic speech generation and text-to-speech converters
is still a challenging domain for artificial intelligence.
Speech synthesis can be produced by varied techniques
which can be mainly grouped in three classes: concatenative
synthesis, formant/parametric synthesis, and articulatory
synthesis [1-3]. These techniques have their own advantages
and disadvantages, but in spite of the progress made in the
field even the most refined speech synthesis systems are
monotonous and cannot deal with the problem of emphasis.
Even if it’s not very clear what is missing from the
synthesized sounds one possible clue is to take into account
the dynamics of speech rather than the time/frequency
domain representations. Recently, a new direction of
research started towards developing models based on the
nonlinear dynamics of speech. Different approaches have
been suggested which are based on the identification of the
nonlinear type of the vocal dynamics [4-6].

In aprevious work, we have started to investigate the
possibility of synthesizing speech phonemes starting from a
dynamic model based on chaotic control of the phonemes’
elementals [7].A deeper investigation of the dynamic
properties of phonemes revealed the fact that natural
phonemes could be analyzed in terms of some elemental
patterns. For instance, the vowels are composed of
repetitions of the same elemental pattern with certain
variations (assumed to be chaotic) of the signal parameters. It
was assumed that the impression of naturalness in human
voice is due to the chaotic nature of the speech phenomenon
and is akin to a controlled chaos process. The suggested
model for phoneme synthesis consisted of the generation of
the elemental patterns by a harmonic series and the repetition
of that pattern in time with the signal parameters controlled
by a chaotic source. In another work, we investigated the
possibility to generate the phoneme elementals through
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recurrent neural networks [8]. Neural networks may offer a
good alternative for the dynamic approach of speech
synthesis due to their inherent capability of capturing
complex nonlinear relations in data. Neural networks were
already used in different applications of speech synthesis,
mostly in text-to-speech converters [9-10]. In these works,
the role of the neural network was to map the phoneme
symbols to the control parameters of the synthesizer, and not
to generate directly the speech signal. The use of neural
networks as generators was mostly studied for the case of
time-series prediction. Different topologies have been
proposed under the name of recurrent neural networks
(RNNs) [11, 12]. The basic topology consisted of a feed-
forward network in which feedback connections were added
to previous layers. A good approach for time series
prediction seems to be such a feed-forward network
(perceptron), with or without one or more hidden layers,
where the next input vector is determined by the previous
output values in a process called sequence generation
(moving the network over the time series) [13-15]. In general,
the prediction performance is acceptable but only for one or
a few instances in advance. In [8] we investigated the
possibility of training a similar topology for the generation of
three new periods of elemental pattern, which we considered
to be a quite good long-run result. The phoneme sound was
finally generated in a repetitive loop. The results were
promising, and therefore the present work aimed to extend
the research with other types of RNNs in order to obtain a
better performance. Specifically, we have focused on a
version of Elman network [16, 17]. The rest of the paper is
organized as follows: The Elman-type network topology and
training process are detailed in Section 2. Section 3 describes
the implementation of the Elman-type network for phoneme
generation. The simulation results are presented in Section 4
and the conclusions in the last section.

II.

The main idea in RNNss is to add feedback connections to
previous layers of a basic feed-forward structure. Of course,
it’s possible to have a fully connected or recurrent network
where each node has input from all other nodes including the
node itself. In this case the network does not have a distinct
input layer. In time series applications, for practical reasons,
we are interested in partial RNNs, where there are some
nodes that provide the sequential context and receive
feedback from other nodes. The feedback connections create
some supplementary nodes to the input layer and they are
often called context units. The role of these nodes is to create
a long term memory that provides to the input the knowledge
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about the previous inputs. Different topologies of RNNs can
be configured in this way, depending on the layer from
where the feedback connections are taken. Two very popular,
and in a way similar structures, were proposed by Jordan and
Elman [21, 16]. In this work, we used a version of Elman
network with a single output which is depicted in Fig. 1. The
input layer is comprised of N units. The context layer and the
hidden layer have both M units. The neurons in the hidden
layer feed back to the neurons in the context layer. In this
way, outputs from each of the hidden layer units at time ¢
become additional inputs to the network at time ¢ + 1. Also,
there is feedback from each context unit to itself. The
dynamics of the network is described by the following set of
equations:

X(@) = (xa(t), ..., xn(t)). )

net!(t) =X, wii () + T, whyl (t—1) +
pnet](t — 1) + 6" @)
yH(E) = [ (net] (). 3)

net®(t) = XL, wiyl (t) + 6°. “)

y° () = f°(net°()).(5)

X(#): input function which supplies N temporal values
from the time-series;

net]-h (t): net-input function of the j-th unit in the hidden
layer;

wj’l?: weight on the connection to the j-th unit in the
hidden layer from the i-th unit in the input layer;
wchj: weight on the connection to the c-th unit in the
context layer from the j-th unit in the hidden layer;

y&(t — 1): output of the c-th unit in the hidden layer at
time t — T, where 7 is the time delay;

|: parameter which determines the amount of influence
of previous time steps at the inputs of context layer;

Hj-h: bias value of the j-th unit in the hidden layer;

y}l(t): output of the j-th unit in the hidden layer at time ¢

fjh: activation function of the neurons in the hidden layer;
net®(t): net-input function of the output unit;

wy’: weight on the connection to the output unit from the

Jj-th unit in the hidden layer;

6°: bias value of the output unit;

y°(t): output of the Elman network;

f©: activation function of the output neuron;

The basic structure of Elman network is a standard feed-
forward layered network, and therefore the training of the
connection weights follows the standard generalized delta
rule. The activation function for the hidden and output layers
used in the experiments was the hyperbolic tangent function.

First, the training procedure requires a set of input-output
pairs that are instances of a functional mapping y = F(X),
where X and y are real vectors, xeRN, yeR. The neural
network is given a number of N previous samples of the time
series and has to generate the next sample value in the series.
For a time series of S samples, the following input-output
pairs or exemplars are formed:
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Figure 1. Structure of the Elman-type network.
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The number of neurons in the input layer, N, matches the
number of samples of previous data. The training algorithm
tries to minimize for all the input-output pairs the mean
square error

Es = Y2 X321 82, (M

where 8, = (y2 — o,), yis the generated output and oy is
the desired output for the s-th exemplar. The gradient descent
is used down the global error surface £ = XE;. In order to
derive the weight-update equations it is convenient to use the
notations of the output layer delta, 57 and the hidden layer
delta, (5Sh]- :

89 = 65f°'(nety),

h _ £h! h
85 = fj* (netg;))ogwy.

®)
)

Thus, the weight-update equations for the hidden and output
layers are:

(10)
(11

wherer is the learning rate parameter (usually, << 1), m is
the momentum term (typically, 0 <m< 1), and

Awji(t) = wji(t) — wfi(t — 1),
Awl(t) = wo(t) —w°(t —1).

wii(t + 1) = wii(t) + r6%x,(t) + mAwj} (D),

wP(t+1) = wl(t) + 162y (t) + mAw° (t),

III.

In this work we have focused upon vowels considering
that the impression of artificial or mechanical sounds created
by synthesizers is mostly due to their difficulty in
reproducing sustained vowels. The proposed approach
continues the main idea introduced in some previous works
[7, 8], with the purpose to improve the results of elementals
generation. Every sound of a phoneme is composed of a
series of repetitive patterns that show slight variations of the
signal parameters. However, among all the variations, a
typical pattern or elemental can be identified. For illustration
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purpose, the signal of the vocal phonemes, /a/pronounced by
a female person, along with an instance of the corresponding
elemental pattern are shown in Fig. 2. The vocal sound data
were sampled at 96 kHz with 16 bits. The elemental pattern
may be considered like a seed in constructing the phoneme
signal. If this pattern is repeated in time (concatenated) the
phoneme sound can be reconstructed. An important
observation should be made here. Even if in this process of
concatenation the elemental sample was taken from the
original phoneme signal, the resulted sound was not as
natural as the original. Similar results were obtained with
whatever elemental was chosen. Therefore it seems that the
slight variations of the elemental shapes as they chain in time
one after another may be the cause that produces the
sensation of a natural sound.

/a/

Figure 2. The signal of vowel /a/ and a corresponding typical elemental
pattern.

The present approach consisted of three phases: (i) we
trained first an Elman-type network to learn as accurate as
possible the shape of a typical elemental; (ii) the elementals
are generated by the trained neural network using its own
previous generated data as inputs in an open loop; (iii) the
phoneme was synthesized using a series of elementals with
modified parameters controlled by an external source.

In order to tune the parameters of the Elman-type
network for obtaining the best performances, some
information regarding the spectrum analysis were used [7].
We were interested to estimate the magnitude and phase of
different frequency components. The spectrum analysis was
performed based on discrete Fourier transform (DFT):

Fs - 1/n(1—a)/2 ZTI}:1 xkeZﬂ:ib(k—l)(s—l)/n’ (12)
wherea and b are parameters. From the sequence of complex
numbers, of the same length as the experimental time-series,
the power spectrum was obtained, and accordingly the
periods, measured in number of samples, of the main
frequencies could be computed (see Table I).

The maximum mode in the spectrum and the period were
considered when the number of neurons in the input layer
and in the hidden layer was selected.The topology of the
Elman network with feedback connections from each context
unit to itself has the advantage of providing supplementary
control of the context for the next output vector in the
sequence. In this regard, the parameter x in (2) was used in
the generating phase to provide a slight modification in the
network output elementals, simulating the variations of
elemental as in the original time series. For each output the
value of the parameter x4 was controlled by a chaotic source
given by the quadratic map:
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TABLE 1. PHONEMES SIGNAL ANALYSIS

Signal Analysis
Vocals Samol Optimal Spect
elementals ample embedding pectrum Period
length di . max. mode
imension
/a/ 365 18 297 117.8
/el 399 20 149 229.1
i/ 360 9 141 462.8
o/ 371 8 182 124.6
/ 365 18 156 429.7
Xep1 = Qp + axx, + agxf. (13)

Depending on the values of aj, a, and a3, the initial
conditions may be drawn to a chaotic attractor. During the
learning phase the value of 1 was kept constant.

IV. EXPERIMENTAL RESULTS

The network was trained to learn the elemental patterns
for each phoneme. The training data was formed out of a
series of three samples of elemental data according to (6).
The best results were obtained when the number of neurons
in the input and hidden layer were adjusted for each
phoneme in part. Detailed results are presented here for the
phoneme /a/. The number of neurons in the input layer was
chosen that it may cover at least the period according to
Table I. The maximum value tested was for the number of
samples of an elemental. The number of neurons in the
hidden layer (and consequently in the context layer)
determines the amount of influence of previous steps. If this
number approaches the number of input layer an over fitting
phenomenon was manifested. However, this effect is reduced
when the input layer and hidden layer have the same number
of neurons, around the value of the period. A series of tests
were performed for the following values: input layer, 365
neurons; hidden (context) layer, 220 neurons; » = 0.001; m =
0.05; = 0.01. Convergence can be noticed after several
epochs as shown in Fig. 3a. In Fig. 3b the capability of the
network to learn the original elemental fluctuations can be
observed.
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Figure 3. (a) The mean squared error. (b) The generated elemental pattern
(black) along with the input data (gray) for elemental /a/.
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The network is more dynamic than the previous tested
topology in [8]. The negative spike which was difficult to
follow in the previous approach can be traced much easier
with the present configuration. The network started to
generate the future signal using at each step its own output
which is shifted one unit to the right in the input vector. In



this way, the network was completely independent from the
training data and predicted the continuation of the input

signal with 365 new samples.
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Figure 4. Three elemental samples generated when ¢ was controlled by a
chaotic source.

The final phase of simulation involved the generation of
elementals with slight variations of the signal shape. A
source of chaos was used in order to alter the value of u in
the iterated process. These chaotic changes at the input of the
context layer had a visible influence in the shape of the
generated signal. In Fig. 4 three different elementals are
depicted. Slight variations of the signal shape can be
observed which look similar with the variations of the
elementals in the original waveform. The dynamics of the
original elemental is well preserved, even more accurate than
in the training phase when the negative spike was not fully
covered. In a recursive process the entire phoneme was
generated as shown in Fig. 5.
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Figure 5. The phoneme /a/ generated in a recursive process.

The results proved the possibility of phoneme generation
by Elman-type networks and also the capability of inserting
chaos and modifying the signal form in the process of
generation.

V. CONCLUSIONS

In conclusion, the purpose was to study the possibility of
phoneme synthesis using an Elman-type neural network. The
proposed model for phoneme synthesis consists of
generating the elemental patterns of the phonemes. The
patterns are repeatedly generated in time with the signal
parameters controlled by a chaotic source applied to the
context layer. The slight variations of the signal shape
resemble the natural phonemes waveforms. The obtained
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final results gave confidence that the researches can be
continued in this direction.
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