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Abstract

The autonomous oscillator model for speech synthesis is augmented by a nonlinear predic-
tor to regenerate the modulated noiselike signal component of speech signals. The resulting
‘oscillator-plus-noise’ model in combination with vocal tract modeling by linear prediction
is able to regenerate the spectral content of stationary wide-band vowel signals with high
fidelity. For adequate modeling of voiced fricatives the model is further extended by a second
linear prediction path. With one and the same model not only sustained voiced and mixed
excitation phonemes, but also unvoiced sounds can be regenerated faithfully.

1 Introduction

Using an autonomous oscillator (Moon, 1992; [Kubin, 1995} [Principe et al., 1997)) for speech mod-
eling and synthesis has been exploited for several years now. Model parameters are learned from
recorded speech signals, and the oscillator was found to reproduce stationary vowel sounds with
great fidelity (Mann and McLaughlin, 2001). In (Narasimhan et al., 1999) the oscillator model
trained on one vowel sound has been used to synthesize a whole sentence by the use of additional
modeling of the vocal tract by linear prediction (LP).

In many otherwise successful applications of the oscillator model, however, a lack of high-
frequency components in the synthetic speech signal is observed. This can be partially explained
by the necessary application of regularization for the modeling of the nonlinear function f() in
the oscillator model to ensure stability. Regularization results in smoothing of the model for
the nonlinear function f () thus allowing for less high frequency oscillating components in the
signal generated. The application of LP inverse filtering before training the oscillator model
on the low-pass filtered LP residual signal moderates this problem ((Rank and Kubin, 2001)),
particularly since the low-pass filtering is invertible and compensated in the synthesis stage.
Nevertheless, for high bandwidth speech (fs; = 16 kHz/22 kHz) the spectral reproduction is still
poor in the frequency band above 5 kHz.

In both (Narasimhan et al., 1999, [Mann and McLaughlin, 2001)) the oscillator model has been
shown to be able to reproduce short-term (cycle-to-cycle) variations of stationary vowel signals
in fundamental frequency (jitter) and amplitude (shimmer). However, as also found in our
work the amount of jitter/shimmer can deviate significantly from the values found




for the original signal depending on speaker, phoneme, training length, amount of regulariza-
tion, etc. Moreover, the analysis of the jitter/shimmer probability density function (pdf) of
the synthetic signals reveals a strong deterministic variation over time. This goes well with the
finding that jitter (and supposedly also shimmer) includes a predictable component in general
(Schoentgen and Guchteneere, 1997). Synthetic signals with a quantitatively correct amount of
jitter may still sound unnaturally rough, though.

The shortcomings mentioned above motivate us to introduce an additional noise component to
the oscillator model generated signal. Since we use a low-dimensional oscillator we can not expect
to capture noiselike components of the speech signal, evoked by high-dimensional turbulent air
flow. Small noiselike components are present in voiced phonemes like vowels as well, and dominate
the high-frequency bands (cf., the voiced-unvoiced threshold frequency in some speech generation
models). Here, we will also deal with mixed-excitation phonemes, like voiced fricatives, with a
strong noiselike signal part.

In this paper we will come up with an extension of the oscillator model to re-synthesize also
the noiselike component of speech using a noise signal modulated according to the oscillator
state in phase space, i.e., pitch synchronouslyﬁ. We will show, that a more faithful spectral
reproduction of vowel signals is possible when a noise component is added.

2 Oscillator-plus-noise model

The oscillator model used in our work is based on a nonlinear predictor applied to an N di-
mensional time-delay embedding of signal samples &(n + 1) = f(x(n)),x(n) = [z(n),z(n —
M),...,x(n — (N —1)M)]T, as depicted in fig. [l (a). After optimizing embedding parameters
and training of the nonlinear function f(-), the autonomous oscillator, fig. [ (b), is created by
feedback of the predicted sample into the embedding delay line.
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Figure 1: Nonlinear predictor (a) and oscillator model (b).

We will here not go into details of how the function f(-) is realized, nor discuss op-
timization of embedding parameters, and refer the interested reader to the literature (e.g.,
(Birgmeier, 1995; [Kubin, 1996; [Haykin, 1996} [Principe et al., 1997 [Narasimhan et al., 1999}
Mann and McLaughlin, 20015 [Rank and Kubin, 2001} [Rank, 2003)). It is important, though,
to denote that the time delay embedding is low dimensional (N = 4). This is sufficient to model
the oscillatory signal component of stationary speech signals. A low dimensional model will,
however, not be capable of modeling any high dimensional or stochastic speech signal compo-
nents.

Using a nonlinear predictor in the setting of an autonomous oscillator does not require an
input signal (in contrary to linear prediction synthesis). Thus, there is basically not need to

I This compares to the ‘linear’ harmonic-plus-noise models currently widely investigated (Laroche et al., 1993}
Stylianou, 2001}, [Bailly, 2002)).



take care of the prediction error signal, except for its minimization during function learning. If,
however, we want to regenerate the noiselike (stochastic or high dimensional) component present
in natural speech signals that is not modeled by the low dimensional oscillator closer analysis of
the prediction error in necessary.

The combination of LP inverse filtering and the oscillator model (Narasimhan et al., 1999;
Rank and Kubin, 2001)) as depicted in fig. B, shifts the nonlinear system modeling task from
modeling the full speech signal to modeling an estimation of the output signal of the physical
oscillator in speech production, the ‘glottis signal’ z4(n). For all examples in this paper LP of
order 20, auto-correlation LP analysis, pre-emphasis filtering by Hem(z) = 1 — 0.75271, and an
invertible one pole low-pass filter Hioy(2) = (1 —0.95)/(1 — 0.95271) was used.

X(n) Oscillator Oscillator
T LA @ | el ssmnesiy T A |
» x{(n) Xq(n) [-earming N, yntnesist y,(n) ydn) . y(n)
N I N —— |
Lp
Xo() Analysis

Figure 2: Combined LP and oscillator model.

For the combined LP /oscillator model the prediction error on the ‘glottis signal’ 4 (n) of vowel
signals can be an almost white signal. In fig. Bl the predicted signal Z4(n), the prediction error
e(n), absolute value of its DFT spectrum E(f), and auto-correlation function r.(n) are depicted.
For this vowel (male vowel /o/) the prediction error displays an almost white spectrum, although
some periodicity is still identifyable by harmonic spectral lines. Also from the auto correlation
function whiteness can be concluded by the quick fall-off (r.(1)/r.(0) ~ 0.1). Periodicity can be
read from the peak at the fundamental period (ng ~ 120), however the periodic component in
e(n) is not very strong (r.(no)/r.(0) ~ 0.3).

The nonlinear prediction error signal e(n) is now considered to be a component of the speech
signal that is missing not only in the predictor output but also in the synthetic signal generated
by the oscillator model. Simply adding white noise to the oscillator output in the synthesis stage,
however, results in a ‘streaming’ of the two synthetic signal sources, i.e., in a signal stemming
from two perceptually clearly distinguishable sources. A closer examination of the prediction
error reveals an amplitude modulation related to the phase in the fundamental period of the
oscillatory signal component. In fig. B the prediction error signal e(n) in the second bar from
top is accompanied by an estimation of its amplitude trajectory a.(n) = 1/5 Z?=_2 le(n + 9)|,
making the modulation visible.

To regenerate an additive modulated noise signal with the oscillator model we propose a
synthesis structure as depicted in fig. [l A second nonlinear function is used to predict the noise
amplitude based on the state of the oscillator. If the nonlinear function fa(+) is correctly trained
to predict a,(n) from the predictor state, this results in a similar modulation of the noise source
signal by @, (n) in the oscillator-plus-noise model, if the oscillator output — and thus the oscillator
state — resembles the oscillatory signal part. Although there is no explicit information about the
phase of the oscillatory signal available in the model, the modulation of the noise signal is pitch
synchronous, due to the dependence on the oscillator state. The re-generation of the modulated
noise signal component for the example vowel signal is displayed in fig. @l bottom bar. After
initialization of the oscillator with samples from the original signal and of the noise amplitude
an(n) with zeros, the noise amplitude as well as the additive noise signal §,(n) display a clearly
visible pitch synchronous modulation. In this case the triangular form of the noise amplitude



:82 C | | | | | | | | | ]
0 50 100 150 200 250 300 350 400 450 500
n
IE(f) re(n)/re(0)
5 T T T T T T T 1 T T T
2 ] 08 - .
-10 |+ A L 4
5[ i 0.6
3 -gg i 1 04 - —
:30 L i 0.2 B
-35 - L -
40 | i 0
45 ! ! ! ! ! ! 1 -0.2 1 1 1
0 1000 2000 3000 4000 5000 6000 7000 8000 0 50 100 150 200
f(Hz) n

Figure 3: Prediction 4(n) (blue line in top bar) of signal 4(n) (green line in top bar, almost per-
fectly concealed), prediction error signal e(n), DFT amplitude spectrum |E(f)| and normalized
auto-correlation r.(n)/r.(0) of the error signal for male vowel /o/.

at the minima of §4(n) (supposedly the glottis closure instants) is directly comparable to noise
amplitude models used in certain harmonic-plus-noise models (Stylianou et al., 1995), however,
it is directly learned from data in our case.

Using the combined LP /oscillator model a white noise source signal is not only modulated but
also a) high-pass filtered and b) spectrally shaped by the LP re-synthesis filter. This resembles
the filtering along the vocal tract and due to radiation at the lips for a natural white source signal
generated by turbulences at the vocal folds. Concerning vowel signals the resulting synthetic full
speech signal is not only similar to the original signal in spectral content, but also perceptually
more natural than the oscillator signal alone.

The noise added also results in spreading of the pdfs for jitter and shimmer, yielding a mono-
modal pdf as for natural speech signals in general. Without noise the oscillator model often
displays a bi-model or multi-model pdf for jitter and shimmer, resulting from bifurcations in the
nonlinear system (e.g., when varying the regularization parameter) (Rank, 2002).

For mixed excitation phonemes like voiced fricatives — but also for some vowel signals — it has
been found that the nonlinear prediction error on x4(n) is not as white as for the example above.
In fig. Bl the DFT spectrum and auto-correlation of the nonlinear prediction error on z4(n) for
the voiced fricative /zh/ are depicted. Here the variation of |E(f)| is higher than for the vowel
signal in fig. B and the auto-correlation decays slower (r¢(1)/r.(0) ~ 0.3), i.e., the samples of
e(n) are higher correlated. In this case the re-generation of the noiselike speech component by a
modulated white noise source is not satisfactory.

For mixed excitation phonemes the above model is not sufficient since modeling unvoiced
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Figure 4: Predicted signal Z4(n), prediction error signal e(n) (blue) and estimated amplitude
a.(n) (red, exaggerated), oscillator signal §,(n), predicted noise amplitude a,(n) (red, exagger-
ated) and regenerated noiselike signal part g,(n) (blue) for male vowel /o/.
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Figure 5: Oscillator-plus-noise model.
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Figure 6: DFT amplitude spectrum |E(f)| and normalized auto-correlation r.(n)/r.(0) of the
nonlinear prediction error signal for voiced fricative /zh/.

sources as being generated at the glottis is not appropriate. For voiced fricatives the main
noiselike excitation is due to turbulences at a restriction along the vocal tract. To successfully
reproduce these sounds we propose to use a second LP analysis/synthesis path, in addition to
the one for the voiced signal part. The extended model is depicted in fig. [

In the extended oscillator-plus-noise model the noiselike component of a mixed excitation
speech signal is not modeled in the ‘glottis signal’ domain but the prediction error on z4(n)
is filtered by the synthesis filters 1/How(2) (high-pass) and 1/A(z) (LP synthesis filter) and
whitened by a second LP inverse filter A,i(z). The amplitude of the whitened signal &, ,0i(n)
is used to train the noise amplitude prediction model. In the synthesis stage a white noise signal
is again first modulated according to the oscillator state, but filtered by the LP synthesis filter
1/A0i(2) now. In this way the spectra of the oscillatory component and the noiselike component
are shaped independently of each other, allowing for a faithful re-generation of both speech signal
components. Examples for some of the time signals and the according spectra in the model are
depicted in fig. § for vowel /o/ and in fig. @ for voiced fricative /zh/.

Using a model extended in this way, we are able to synthesize unvoiced phonemes, also. As
an example signals are depicted in fig. [0 for unvoiced fricative /s/. In case of unvoiced sounds
the oscillator output decays to a value close to zero after a short transient due to initialization
by samples from the original signal. After this transition the output signal is generated by the
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Figure 7: Extended oscillator-plus-noise model.
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Figure 8: Signals and spectra in the extended oscillator-plus-noise model for vowel /o/.
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Figure 9: Signals and spectra in the extended oscillator-plus-noise model for voiced fricative

/zh/.
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noise signal path only, which is essentially an AR model.

3 Summary

We presented an extension of the oscillator model for speech synthesis to re-generate the noiselike
— i.e., high dimensional — component of speech signals in addition to the oscillatory component
modeled by the oscillator. Noiselike components are modulated pitch synchronously according
to the state of the oscillator. For general mixed-excitation speech signals an extension of the
oscillator-plus-noise model by a second LP path allows for accurate modeling of spectral content
of both oscillatory and noiselike component independently of each other. The resulting synthetic
sounds are more close to natural speech signals in spectral content and perceptually.

Sound examples are available at http://www.nt.tuwien.ac.at/” erank /work /nolisp_exam.html
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Figure 10: Signals and spectra in the extended oscillator-plus-noise model for unvoiced fricative
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