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A B S T R A C T

Statistical Parametric Speech Synthesis has been successful in pro-
ducing highly understandable speech but the result is usually buzzy,
robotic, and somewhat unlikeable. One major reason for this is the in-
adequate modeling of the human speech production system. Speech
is traditionally modeled using a source-filter framework with overly
simplistic assumptions of the source function. In the first part of the
proposal, I describe the results obtained when more sophisticated and
synthesis-appropriate models of the source function are used. I then
draft a plan for future directions of investigation in this research area.

Complex source models alone do not solve the problems of synthe-
sis though. While a variety of source-filter representations have been
proposed for speech, few are suitable for use with modern statistical
and machine learning techniques. One possible solution is to project
these unsuitable models into a suitable space where machine learning
techniques can be used. Preliminary experiments have revealed that
a deep learning approach might provide the key to solving this prob-
lem. In the second part of the proposal, I explain the reasons behind
this choice of technique and provide details of the experiments.

Elaborate models and complicated machine learning techniques are
only useful if there exist objective metrics that can tell us how effective
these two are. In the third part of the proposal, I highlight the short-
comings of current objective metrics and sketch out my ideas for an
improved objective metric for Statistical Parametric Speech Synthesis.
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1
I N T R O D U C T I O N

Despite the advances made in Statistical Parametric Speech Synthesis
[57] in the last decade, the quality of the synthesized speech leaves
a lot to be desired. Statistical Parametric Speech Synthesis assumes a
parametric model of the human speech production system, and then
learns a statistical mapping between the characters of text and the pa-
rameters of the model. This type of synthesis is fast, has a small mem-
ory footprint, is more robust to train-test mismatches, and requires
substantially less training data. Yet, even the best of these systems do
not sound as natural as Unit-Selection Synthesizers[27], which syn-
thesize speech by concatenating units (typically phones, diphones, or
syllables) of speech. We must therefore ask why Statistical Paramet-
ric Speech Synthesizers have difficulty synthesizing natural-sounding
speech.

The first problem lies in the way that the human speech production
system is parameterized. The parametric model used in most modern
speech synthesis systems is the source-filter model first proposed by
Fant in [15]. While many techniques have succeeded in adequately
representing the filter part of the model, few have been effective in
describing the source part. In Part ii of the proposal, I will summarize
the various problems in modeling the source, describe my own efforts
at handling this unwieldy problem, and propose future directions of
exploration.

The second problem is caused by the fact that the parametric model
and the machine learning techique that is used to predict the values of
the parameters are developed completely independent of each other.
Even though it is necessary for the parametric model and the ma-
chine learning algorithm to be deeply tied together, each of these is
never explicitly designed to work well with the other. In Part iii, I will
describe my attempts at bridging this gap and propose a technique
that is designed to move the two closer together.

Any researcher working on either of these problems will quickly
realize that making design decisions based on human evaluations
is non-trivial. It is difficult for humans to choose between systems
where the differences are subtle. Current objective metrics of speech
quality are usually designed for speech coding tasks and do not take
into account the nuances of statistical parametric speech synthesis.
These metrics also tend to be orthogonal to the excitation modeling
techniques and so do not measure the quality of the excitation models
in any way. In Part iv, I will describe the requirements for an objective
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4 introduction

metric for speech synthesis, and flesh out my plan for an investigation
in this area.

In the last Part, I will consolidate the proposed work which was
spread across all the previous parts and provide an estimated time-
line for bringing this work to completion.



Part II

I M P R O V E D PA R A M E T E R I Z AT I O N S
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B A C K G R O U N D A N D P R E V I O U S W O R K

The source-filter framework first proposed by Gunnar Fant has been
the most successful model of the human speech production system[15].
The intuition behind this model is obvious when looking at a sagittal
section of the human vocal tract shown in Figure 1.

Figure 1: Human vocal tract

The initiation of human speech production is by the vibration of the
vocal folds attached to the larynx. The sound that is produced here
passes through the rest of the throat, the mouth, and the lips. This
sets up resonant patterns in the vocal tract. These resonant patterns
appear as formants on the spectrogram. For many speech processing
applications such as speech recognition, speaker identification, etc..,
it suffices to use these formants alone. Therefore, a great deal of re-
sources have been dedicated to modeling the vocal tract resonances
very accurately. Significantly less attention has been paid to modeling
the vibration of the vocal folds, but the accurate modeling of these is
essential for synthesis of natural sounding speech.
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8 background and previous work

The animation shown above depicts the action of the vocal folds in
speech when speaking voiced sounds. Most parametric models used
in synthesis assume that the vocal cords only produce two kinds of
sounds, a series of spikes at the fundamental frequency F0 for voiced
sounds and white noise for unvoiced sounds. This assumption is
quite simplistic since the vocal fold sounds actually have more struc-
ture. An additional complication is the imperfect separation of the
source and the filter characteristics. Even highly successful techniques
such as STRAIGHT[29] and its various flavors[30], do not completely
separate the glottal source signal from the vocal tract characteristics,
thereby adding another layer of complexity to the source signal.

It is therefore sensible to use excitation models with the explicit
intention of modeling the characteristics of the source. These models
can then represent the whole gamut of shapes that can occur in the
source function both because of poor source-filter separation as well
as due to the natural variation in the source function itself.

Source modeling itself is a fairly well established research area with
plenty of detailed studies by Fant and others more than 20 years ago
[17][16][18]. A detailed overview of all the ’classic’ source models is
available in [21]. In addition to these models which were created to
study the source for its own sake, there have also been several models
proposed purely for the sake of synthesis such as [12][49]. Despite the
existence of all of these models, a quick perusal through the systems
submitted to the various Blizzard challenges[1] of the last several
years indicates that none of these are used when the quality of synthe-
sis really matters. In fact, the most sophisticated source model used
in these challenges is still a simple mixed excitation model[56] which
merely assumes a mixture of pulse and noise rather than choosing
between the two. All of these facts strongly indicate that the source
modeling problem is still far from being solved.
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A N I T E R AT I V E S O U R C E F I T T I N G M E T H O D

The models described in the previous chapter use a variety of dif-
ferent techniques to fit the models to the source signal. All of these
techniques assume that the only available signal to do the fitting to is
one isolated speech signal. This constraint is far more severe than is
necessary for statistical parametric speech synthesis. When building
a synthetic voice, we usually have access to a corpus of speech so we
will have multiple instances of the same phone being said, and corre-
spondingly, multiple instances of the same sort of glottal shape that
our excitation model can fit to. Making full use of multiple instances
of phones can greatly aid us in producing good fits to the source
signal. In [36], we describe one such method to make full use of the
presence of multiple instances of phones to produce better fits of the
model to the source signal.

In order to fit our favorite model to the source signal, we must
first extract the source from the speech signal itself. To do this, we
use the Iterative Adaptive Inverse Filtering (IAIF) technique which
was first described in [3]. This technique works by iteratively making
estimates of the glottal source spectrum and the vocal tract spectrum,
and refining estimates of one to get a better estimate of the other. The
final estimate of the glottal source spectrum thus obtained is far better
than could have been obtained by simple inverse filtering methods.
The specific technique we used is more or less identical to the setup
described comprehensively in [40]. A block diagram describing the
IAIF procedure is shown in Figure 2.

The result of Iterative Adaptive Inverse Filtering is a set of LPC
coefficients (which we convert to LSPs) that provide an estimate of
the vocal tract spectrum and the glottal source function (the outputs
of the two shaded blocks in Figure 2).

The source model that we will use to fit the residual to is the classic
Liljencrants-Fant model first proposed in [19]. This model was devel-
oped as a mathematical description of the glottal flow derivative. The
derivative has been found in practice to be easier to model compared
to the glottal flow itself.

The model itself consists of the following equation:

e(t) =

{
E0e

αtsin(ωgt) t < Te
−E0
εTa

.[e−ε(t−Te) − εe(Tc−Te)] Te < t < Tc
(1)

Figure 3 shows a plot of the LF model for typical values of the
parameters. The parameters Tp, Te, Ta, Tc are explained in the figure.
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10 an iterative source fitting method

High-pass
filtering
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(order 1)
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Inverse filtering LPC analysis
(order p)
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Figure 2: Iterative Adaptive Inverse Filtering

The parameters E0,α and ε can be determined from the positive peak.
The glottal frequency ωg can be determined from the fundamental
period T0.

As must be obvious when looking at the plot, the LF model is in-
tended to be fit to the source function at the peak of the glottal pulse.
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Tp
Te

Tc

Ta

Figure 3: LF model for typical values of the parameters

To do this fitting, we must first detect the location of this peak in
the source signal. We begin by extracting frames of the source signal
that are at least 3 pitch periods long. Typically, we use analysis win-
dows 70ms wide with 5ms shifts. The glottal closure instance itself is
detected by convolving a model LF pitch pulse with this frame. The
magnitudes, locations, and spacing of peaks in the convolved signal
are used to estimate voicing, pitch period locations, and F0 within the
window.

If this detection process indicated that the frame was voiced, i.e.
a glottal pulse was present, then the LF model is fit to the glottal
pulse by a simple optimization method: the pitch period duration
T0 is held constant and the three temporal parameters, Tp, Te, and
Ta are adjusted one sample time forward or backward. Similarly, the
amplitude term was adjusted by 1dB on each iteration. If the adjuste-
ment of any of these parameters decreased the RMS error between
the LF model pulse and the pulse in the source signal, then the new
parameter value was kept. Otherwise, the change was discarded and
the direction of change of that parameter reversed in the subsequent
iteration. The optimization process is stopped when no change in pa-
rameter values leads to a decrease in the RMS error.

We must remember that the LF model is only an approximation of
the shapes in the glottal flow derivative. The derivative contains a lot
of high frequency content that this model was not intended to capture
and nor does it do so. Without these high frequency components, the
synthesized speech tends to sound hollow and muffled. To model
these components, we subtract the fitted LF model from the glottal
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derivative. A low order LPC is then fit to the remaining components
that are not captured by the LF model. This type of source model is
very similar to the one proposed in [54].
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Figure 4: Fitting to the residual: the raw glottal flow derivative is in black, the
estimated LF model is in blue and the residual error is in red

The fitting process described above is not very different from the
numerous algorithms that have been proposed to do this in the past.
Like all of the earlier algorithms, it still assumes that the LF model is
to be fit to a single source signal. Whereas, for synthesis, there exist
numerous examples of each phone and therefore numerous instances
of the appropriate source function. Ideally, the fitting process should
take full advantage of these instances to obtain a better fit than by
merely fitting the model to one instance of the source signal.

One good way to take the whole corpus into account is to use
the statistics of the other instances of a particular phone when fit-
ting to the phone. We accomplish this by doing the fitting process
over multiple passes of the training data. In the first iteration, the LF
model is fit to each glottal pulse naively assuming that there are no
other instances available. These LF parameters are then used along
with the vocal tract model to build a synthetic voice in the Cluster-
Gen framework[7]. ClusterGen builds a set of Classification And Re-
gression Trees (CARTs)[8] that learn a mapping between the context-
dependent phones and feature vectors (LF parameters + vocal tract
parameters). This mapping that is learned is a sophisticated way of
creating a model of the LF parameters of the source signal from the
entire corpus.
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In the second pass LF fitting process, the ClusterGen synthesizer
considers the available lexical and phonetic information and uses the
CARTs to make a prediction of the LF parameters for the glottal pulse
at hand. These predicted LF parameters are then used as seed values
both for the model shape that is convolved to detect the glottal pulse
and as an initialization for the fitting process described earlier. Once
this second pass fitting has been completed, this process of fitting
and building CARTs can be repeated multiple times. By iteratively
using CARTs to initialize the LF fitting and feeding the fitting result
back into CART training, we end up with a very good final estimate
of the true LF parameters. In addition to using information about
other instances of the source signal, this iterative approach to fitting
the model to the signal also has a smoothing effect which helps to
remove outliers.

LF 
model
Fitting

Clustergen
CARTs

Figure 5: Iterative estimation of LF parameters

objective and subjective evaluations

To test the quality of our models, we conducted listening tests on
Amazon Mechanical Turk using the Testvox framework[37] where
listeners were asked to choose between two systems. The first sys-
tem was a synthesizer that used Line Spectral Pairs[28] and the LF
model (first pass) for the residual. The second was a baseline system
that used an identical vocal tract model but used a mixed excitation
(ME) residual[56]. Human listeners judged the LF model synthesized
speech to be more natural. Detailed statistical analyses of the listening
test results are available in the paper.

We also ran listening tests that compared the results of the fitting
process in the first pass to the fitting process in subsequent passes.
The results however were inconclusive and the difference in quality
between iterations was subtle. Even speech researchers who listened
to the synthesized speech from the first and last iterations acknowl-
edged that the speech sounded different but had difficulty making a
judgement on which one sounded more natural.
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We therefore had to rely on objective metrics. We were primarily in-
terested in two specific measures. The first was the prediction error in
ClusterGen. This is the error that we get as a result of the limitations
of the CARTs that ClusterGen uses. The second metric was the RMSE
and Correlation of the fitting process itself. These were computed for
every pitch period where the LF model was being fit. While a low
value for the second metric means that the fitting process works well,
this is useless if the source model parameters cannot be predicted
from text easily. Therefore, both the prediction error metric as well as
the fitting error metric must be low for high quality synthesis to be
possible. Table 1 summarizes the results of both the fitting as well as
prediction errors computed on a held out test set of the same speaker.
Our iterative method performs well on both metrics.

Table 1: RMSE and Correlation of Fitting

LF Fitting Prediction

Iteration number RMSE Corr RMSE

0 406.89 0.482 4.840

1 405.94 0.479 6.909

5 395.17 0.518 5.611

10 391.57 0.534 5.061

15 389.98 0.543 4.836

20 389.65 0.547 4.722

25 390.06 0.550 4.661

30 390.56 0.551 4.636

All results are for the RMS voice from the CMU Arctic database[32].
Similar results were obtained for other speakers from the same corpus
but will not be reported here in the interest of brevity.
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P R O P O S E D W O R K

Figure 6, generated by H. Timothy Bunnell, shows a segment of the
residual obtained through the Iterative Adaptive Inverse Filtering pro-
cess described in the previous chapter. The lower half of the plot
shows the LF models after being fit to the plot in the upper half of
the plot.

Figure 6: Source function and fitted LF model

As must be obvious when looking at the plot, the residual is heav-
ily influenced by the second harmonic of the fundamental frequency.
There is no way that the LF model can accurately represent these
shapes. Even if the higher frequencies of the signal were removed,
the residual still contains two peaks and a trough per cycle while the
LF model itself only has one peak and a trough. This problem isn’t
specific to the LF model; none of the classic source models[21] are
capable of handling source functions like these. This isn’t actually a
flaw in these source models because these models were designed to
model a source signal free from the influences of the vocal tract. But,
for all its merits, even the IAIF procedure cannot completely remove
all vocal tract characteristics from the source signal.

We could try to fix this by proposing a new source model that is
capable of handling shapes like the ones shown in Figure 6. How-
ever, this would only have the effect of creating yet another source
model in addition to the multitude that existed at the time of Fu-
jisaki’s paper and newer ones like [9]. And this new source model
would only be useful as long as the IAIF procedure is being used.
Any improvements to the IAIF procedure or a switch to better vo-
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16 proposed work

cal tract representations would render our ’improved’ source model
useless.

I therefore propose an approach which will be a hybrid model con-
sisting of a parametric model like the LF model combined with a
non-parametric technique like Drugman’s technique in [12]. The rea-
soning behind this is that while residuals obtained through the vari-
ous vocal tract filtering techniques vary a lot, nearly all of them have
an LF-like underlying structure at the glottal closure instances. The
LF model could be used to model this underlying structure while
whatever could not be captured by it could be represented using a
non-parametric model like Drugman’s Deterministic plus Stochastic
model.

This proposed model is related to the one presented in the previ-
ous chapter where low-order linear predictive coding is used instead
of a non-parametric model. However, in our experiments we found
that LPC was insufficient to model the necessary characteristics of the
source signal. It could also be argued that we could dispense with the
parametric representation altogether and only use Drugman’s repre-
sentation. But in experiments with the ClusterGen speech synthesizer,
we found that the predictability of Drugman’s parameterization was
low. In addition to this, parametric representations are also of a much
lower dimensionality compared to non-parametric models.

Engineering arguments against Drugman’s parameterization aside,
we also want to try creating a new non-parametric model for another
reason. We want to try to separate the components of the source sig-
nal into predictable and non-predictable components. The only thing
in a speech signal that is purely unpredictable is white noise. There-
fore we must create a model that tries to separate the white noise
portion of the residual from the parts with more structure. It is con-
venient to think of this as a model in the analysis by synthesis frame-
work where the model parameters are adjusted so that the resulting
error is white noise-like.

The exact details of this model still requires a certain amount of
thought and a great deal of reading. I will be able to provide a more
concrete idea in another month or so.



Part III

I M P R O V E D M O D E L I N G
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B A C K G R O U N D

The speech coder used in modern Statistical Parametric Speech Syn-
thesis [57] has remained largely unchanged for a number of years.
The standard coding technique is usually a variant of Mel Cepstral
analysis[52]. While many different parameterizations of the spectrum
have been developed for synthesis[13][49][14][35] few have yet man-
aged to survive in the long run. The most obvious indications of this
are the systems that are submitted to the annual Blizzard Challenge[1].
Very few statistical parametric systems submitted to the challenge
since its inception use vocoders that do not use Mel Cepstral coeffi-
cients. Even highly successful techniques like the various flavors of
STRAIGHT[30] are rarely used by the synthesizer directly. These are
usually converted into Mel Cepstral coefficients (MCEPs) before be-
ing used by statistical parametrical systems.

This lack of new parameterizations that perform better than MCEPs
is especially intriguing considering the amount of research effort that
has gone into finding a replacement. An ideal parameterization for
statistical parametric synthesis will have to fulfill all of the following
requirements:

• It must be invertible

• It must be robust to corruption by noise

• It must be of sufficiently low dimension

• It must be in an interpolable space

Even if a parameterization technique were invented that could com-
ply with three of the above four requirements, the technique would
be useless if it did not at least partially satisfy the remaining one.
Therein lies the difficulty of inventing a new parameterization. Mel
Cepstral coefficients satisfy all of these requirements to a reasonable
extent. However, this representation is not perfect and places a major
bottleneck on the naturalness of modern parametric speech synthe-
sizers. Techniques such as [53] and [51] rectify some of the problems
that occur with this representation but the Mel Cepstral representa-
tion still leaves plenty of room for improvement.

Machine learning has made a vast impact on nearly every problem
in computer science today. So, rather than try to come up with a hu-
man designed parameterization for the vocoder, could we instead use
machine learning algorithms to automatically create a parameteriza-
tion for us that will fit all of the above requirements?
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D E E P PA R A M E T E R I Z AT I O N S

Neural networks themselves have existed for many years but the
training algorithms that had been used were incapable of effectively
training networks that had a large number of hidden layers[34]. This
is because the standard technique used for training a neural network
is the backpropagation algorithm[43]. The algorithm works by prop-
agating the errors made by the neural network at the output layer
back to hidden layers and then adjusting the weights of the hidden
layers using gradient descent or other techniques to minimize this er-
ror. When the network is very deep, the propagated error to the first
few hidden layers becomes very small. As a result, the parameters of
the first few layers change very little in training. One strategy that
was developed in recent years was to start off by training the neural
network one pair of layers at a time and then building the next pair
on top of previous ones[25][24]. This step is called pretraining because
the weights that are obtained through this process are used as the ini-
tialization for the backpropagation algorithm. Pretraining techniques
are believed to provide an initialization much closer to the global op-
timum compared to the random initializations that were originally
used.

Our search for a technique to create a purely data-driven parame-
terization led us to the Stacked Denoising Autoencoder (SDA) which
was developed for pretraining deep neural networks[55]. The SDA
is trained in a manner more or less identical to the layer-wise pre-
training procedure described in [5] and [25]. As the name suggests,
the Stacked Denoising Autoencoder is constructed by stacking sev-
eral Denoising Autoencoders together to form a deep neural network.
Each Denoising Autoencoder is a neural network that is trained such
that it reconstructs the correct input sequence from an artificially cor-
rupted version of the input provided to it. This process is shown in
Figure 7. The network is fully connected between each layer but in
the interest of clarity, the figure will only show a limited number of
connections.

The SDA is of particular interest to parametric speech synthesis
because this network learns to reconstruct a noisy version of the input
from a lower dimensional set of features. If we use the output of
one of the middle layers as a parameterization, this will by definition
satisfy the first three of our four requirements. We will discuss the
fourth requirement in a later section.

The SDA is actually rarely used in a task where the input needs to
be reconstructed from the representation that the SDA transforms the

21



22 deep parameterizations

Corrupted
Input

Clean
Input

Corrupted
Input

Clean
Input

Pretrained
SDA

Figure 7: SDA Pretraining

input into. It is nearly always used to provide a lower dimensional
representation on top of which a classifier such as logistic regression,
or Support Vector Machines are used. An example of this is the Deep
Bottleneck Features that are used in Speech Recognition[23][22]. How-
ever, such approaches are less relevant to parametric synthesis which
is not a classification problem.

building encoding and decoding networks

The ’pretraining’ process for our approach is identical to the one for
speech recognition. We build an SDA on our features by stacking
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multiple Denoising Autoencoders that were built by learning to re-
construct corrupted versions of the input. Once the SDA is trained,
we then unwrap the SDA as shown in Figure 8.

Pretrained
SDA

“Unwrapped”
Network

Finetuning

Encoding
Network

Decoding
Network

Figure 8: Encoding and Decoding networks

The unwrapped SDA acts as the initialization for a multilayer per-
ceptron (MLP). AnN layer SDA will produce an MLP with 2N−1 lay-
ers. Backpropagation is used to finetune the MLP such that the output
layer can reconstruct the input provided to the first layer through the
bottleneck in the middle. Once this finetuning has been completed,
this network is split down the middle into two parts. The section
from the input layer to the bottleneck region is the encoding network,
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while the section from the bottleneck region to the output layer is the
decoding network. The encoding network codes the speech signal into
a representation which is by design, invertible, robust to noise, and
low-dimensional. This representation is the encoding that the synthe-
sizer uses as the parameterization of the speech signal i.e. it learns a
mapping between the phonemes of text and the values of this encod-
ing. At synthesis time, the synthesizer predicts values of this encod-
ing based on the input text. The decoding network converts this code
back into a representation of the speech signal. This approach is simi-
lar to the one proposed for efficient speech coding in [10]. Apart from
the fact that [10] proposes the use of the code for other applications,
it is also different in that it specifically looks for a binary encoding.
Such binary encodings are not very useful in a statistical synthesis
framework because binary representations are not interpolable while
synthesis is an inherently generative task.

We have discussed how a deep neural network will build a low-
dimensional noise-robust representation of the speech signal, but what
should our deep neural network actually encode? To put it more ex-
plicitly, what should be the input to our deep neural network that
it can learn to reconstruct? Should it be the actual speech signal it-
self, the magnitude spectrum, the complex spectrum, or any of the
myriad other representations that signal processing research has pro-
vided us? In theory, the input representation should not matter since
it has been proven that multilayer feedforward networks are univer-
sal approximators[26]. However, this proof places no constraints on
the size or structure of the network. Nor does it provide a training al-
gorithm that reaches the global optimum. Therefore, it is sensible to
train the network on a representation that is known to be highly cor-
related with speech perception. Human hearing is known to be loga-
rithmic both in amplitude[42], and frequency[47]. So, we propose that
the Mel Spectrum and Mel Log spectrum are the most suitable rep-
resentations that the network can be trained on. Despite using input
and output layers that were linear, the network had difficulty work-
ing with the wide range of values in the Mel spectrum. Therefore,
we will only describe our attempts at using a deep neural network to
get an invertible, low-dimensional, noise-robust representation of the
Mel Log Spectrum.

experiments and results

The SDAs and the MLPs were built using the Theano[6] python li-
brary, and the parametric Speech Synthesizer using ClusterGen[7].
The input to the neural network was a 257-dimensional Mel Log Spec-
tral vector which was obtained from a 512-point FFT of a 25ms speech
frame. The encoding obtained using the network is 50-dimensional.
This encoding size was chosen to make it easier for us to compare the
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quality with the 50-dimensional MCEP representation used in our
baseline system. The Stacked Denoising Autoencoder was built in a
257 x 125 x 75 x 50 configuration i.e. 257 nodes in the input layer, 125

in the first hidden layer, 75 in the second, and 50 in the output layer.
This results in an MLP with a 257 x 125 x 75 x 50 x 75 x 125 x 257 con-
figuration for fine-tuning. The encoding network will therefore have
a configuration of 257 x 125 x 75 x 50 and the decoding network, 50 x
75 x 125 x 257. In all of these networks, the layer that is contact with
the Mel Log Spectra is a linear layer with no non-linear function in-
volved. This is so that the layer can deal with the range of values that
the Mel Log Spectra can take. In all other layers, the neurons have
sigmoid activations.

Experiments were run on 3 different voices: the RMS, and SLT
voices from the CMU Arctic databases[32] and the Hindi corpus re-
leased as part of the 2014 Blizzard challenge[2]. The intention was to
test the setup across gender as well as across language.

Evaluating the quality of the systems that we built poses an inter-
esting problem. The standard objective metric used in nearly all eval-
uations of parametric speech synthesis is Mel Cepstral Distortion[33].
However, this metric is inherently unfair to our technique. This is be-
cause the default system that we compare against, like most statistical
parametric synthesizers, works directly with the MCEPs. These sys-
tems optimize for the root-mean-squared error of MCEP prediction.
In other words, they directly optimize for the metric. The technique
that we are proposing gives us an encoding which is optimized for
parametric synthesis. But optimizing for the prediction of this encod-
ing need not necessarily optimize the Mel Cepstral Distortion directly.
Therefore, any MCD-based results presented in this paper must be
taken with a pinch of salt.

While our synthesizer might not directly optimize for MCD, the
MCD is nevertheless a good indicator of listener perception; the argu-
ment here being that natural-sounding speech should have natural-
appearing Mel Cepstral parameters. So, we will measure the quality
of synthesis using the Mel Cepstra obtained from the Mel Log Spectra
of the decoding network.

The first test is a simple analysis-resynthesis test. We measure how
well our learned encoding is able to reconstruct the Mel Log Spectra
of held-out test data. The results are shown in Table 2

Table 2: Analysis-Resynthesis

Voice MCD Scores

ARCTIC RMS 4.354

ARCTIC SLT 4.315

Hindi corpus 3.916
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In all of the three cases, the deep neural network trained for the
voice is able to reconstruct the test set with relatively low error. It
is however not obvious what these numbers should be compared
against.

synthesis tests

The next set of tests were on using the deep neural network’s 50-
dimensional encoding as a parameterization for the ClusterGen sta-
tistical parametric synthesizer. MCD scores for the three above de-
scribed voices are shown in Table 3.

Table 3: ClusterGen synthesis voice build

Voice DNN Params MCEP params

ARCTIC RMS 5.851 5.161

ARCTIC SLT 5.466 4.858

Hindi corpus 4.680 4.134

The Mel Cepstral Distortion is higher for the deep neural network
encoding compared to the default system. In addition to this, the
baseline system was preferred in informal subjective tests. As we had
mentioned earlier in this section, we believe that the MCD of the
DNN systems was affected by the fact that the Deep Neural Net-
work was not directly optimizing for the score like the default system
was doing. The lack of a good objective metric that would work with
the DNN approach to parameterization exacerbated the problem by
making it difficult to make design decisions. This inturn prevented
us from making use of the full capability of the deep neural network;
this is probably the reason for the lower subjective quality. We be-
lieve that the use of a better objective metric would reflect a more
positive light on our results. It would also help us make better deci-
sions which would contribute towards better parameterizations and
improved subjective results.

These results are actually quite promising because the relatively
good MCD scores we get with the DNN encoding strongly indicate
that the encoding exists in an interpolable space. This is important be-
cause synthesizers like ClusterGen form clusters of the data vectors
at the leaves of the trees and represent the cluster by its mean[57].
Therefore, only representations like MCEPs or Line Spectral Pairs[28]
have been found to be suitable. The interpolable space constraint
is probably the most difficult to achieve of the four earlier stated
constraints. Even if our data-driven parameterization currently does
slightly worse compared to MCEPs, it is extremely encouraging to be
able to find that this parameterization manages to satisfy all of the
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four requirements. Considering how close the difference is between
the performance of the data-driven parameterization and that of the
MCEPs, we expect that a more judicious design of the neural network
coupled with better learning strategies will lead to great results in the
future.
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P R O P O S E D W O R K

While we were successful in showing that a deep neural network
could create a representation of the Mel Spectrum that satisfied all the
constraints of synthesis, we have not yet used the neural network to
its fullest capacity. The primary strength of the deep neural network
is its ability to model highly non-linear functions. One fundamental
problem in acoustic modeling in most modern synthesizers is that the
vocal tract filter and the excitation source are modeled completely
independent of each other. This assumption is wrong both from a
physiological point of view as well as a computational one. This is
fairly well known in the speech community but attempts at creating
joint representations of the vocal tract and source models in the past
have been fairly unsuccessful.

I therefore propose to apply the technique described in Chapter 6

to try to create a joint representation of the source signal and the
vocal tract filter. The setup will be as shown in Figure 9. The input
at the first layer will be a representation of the vocal tract such as
STRAIGHT parameters or the Mel Spectrum and the parameters of
the source model. The deep neural network will then learn a joint
representation which is designed to be invertible, low-dimensional,
noise-robust, and possibly interpolable.

Vocal 
tract 
params

Vocal 
tract 

params

Source 
params Source 

params

Joint
Representation

Figure 9: Joint Modeling of source and vocal tract

29
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If this technique succeeds, it will be particularly useful in dealing
with source models such as [12]. This source model provides near
perfect reconstruction when coupled with LSPs as a vocal tract repre-
sentation. Unfortunately, the model parameters are of relatively high
dimension and were not very noise robust in the ClusterGen frame-
work. We believe that the deep neural network might help us create
lower dimensional, noise-robust versions of these parameters.

incorporating longer term features

Nearly all modern synthesizers are concatenative synthesizers mean-
ing that the speech is synthesized in small chunks and then concate-
nated together to form coherent speech. In Unit Selection synthesiz-
ers, speech is created by concatenating phones, diphones, or other
slightly longer units. In Parametric synthesis, speech is created by
concatenating model parameters and then synthesizing them using
the parametric model. Humans, on the other hand, do not produce
speech one frame, one phone, or one diphone at a time. The human
speech production mechanisms are always aware of the full context
of the sound being produced, while synthesizers have at most knowl-
edge of the sounds immediately preceding and following the cur-
rent sound. Even when this knowledge is available, the knowledge is
purely phonetic. The synthesizer is practically unaware of the dynam-
ics of the signal over longer periods of time. Speech Recognition sys-
tems attempt to partially rectify this problem by stacking features i.e.
creating ’superframes’ which contain 5 or 6 frames of speech stacked
together. Principal Component Analysis[20] or Linear Discriminant
Analysis[38] is then used to reduce the number of dimensions. Un-
fortunately, these are not invertible transformations and so cannot be
used for speech synthesis.

Other techniques such as Frequency Domain Linear Prediction[4]
and Wavelet[48] based methods work well in producing a relatively
low dimensional representation of the longer term dynamics of the
signal but incorporating them into modern synthesizers has proven
to be difficult.

I hypothesize that the deep neural network based technique de-
scribed earlier could also be used to incorporate longer term dynam-
ics into the parameterization that is created. The exact structure of the
network that could be used for this purpose requires a bit of thought
and a great deal of experimentation. So, at this stage, I will avoid
making any explicit claims.



Part IV

I M P R O V E D E VA L U AT I O N S
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The astute reader will have noticed that the objective metrics used
to evaluate the performance of the techniques described in Part ii
and Part iii were not ideal for the task at hand. For the excitation
model, we used Root-Mean-Squared-Error and Correlation for the
fitting process. These metrics are heavily influenced by changes in
the magnitude of the synthesized and reference signals. An added
problem is that these metrics are also non-standard. So, the results
published in our papers cannot be compared to earlier systems easily.
The correlation between these metrics and perceptual quality is also
unclear. So, it is difficult to quantify the amount of improvement in
the metric necessary for a noticeable improvement in synthesis qual-
ity. Commonly used metrics like Mel Cepstral Distortion[33] or Line
Spectral Distortion measure aspects of the speech signal which are
more or less orthogonal to the excitation model. So, improvements or
degradations in the excitation model will not be reflected in these.

In the deep learning models, we had the problem that our evalu-
ation metric, MCD was heavily biased towards the baseline system
since this is the metric the baseline system optimizes for. Perceptual
quality, on the other hand, is actually better correlated with measure-
ments in the Mel Spectral domain rather than the Mel Cepstral do-
main. Yet, since the objective metric is MCD, it hurts the system to
optimize for Mel Spectral distortion.

But the major shortcoming of Mel Cepstral Distortion and nearly
all other objective metrics used for evaluating speech synthesis to-
day is that they are fundamentally speech coding metrics rather than
speech synthesis metrics. In fact, a quick perusal through a list of mod-
ern objective speech quality metrics[39] will reveal that there really is
no measure designed with synthesis in mind. This is particularly ob-
vious when looking at metrics like PESQ[41] which is a fairly sophis-
ticated measure but most of the complexity arises due to processes
like time aligning the reference and test signal. This is unnecessary
for speech synthesis since we know exactly where each phone exists
in both the reference and test signals. Excluding all of that, the un-
derlying metric of distortion in PESQ is just Bark Spectral Distortion
which is not significantly different from the Mel Spectral Distortion
measure currently used in synthesis.

But why is this the case? Well, every metric listed in [39] assumes
that there exists a reference speech signal which the decoded or syn-
thesized speech signal is compared to. While this makes perfect sense
for coding tasks like telephony, we really must ask ourselves if a ref-

33
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erence is necessary for evaluating the quality of speech synthesis. If
a speech synthesizer were to say the sound ’pa’, all we really care
about is that the synthesized speech sound like a ’pa’ uttered by the
appropriate speaker. It does not matter whether the two waveforms
match exactly down to the bit level as long as it sounds right to a hu-
man. In fact, it is actually impossible to get the synthesized speech to
match the reference exactly for sounds like fricatives. These sounds
have characteristics very close to white noise and therefore the synthe-
sizer will never be able to reproduce this perfectly. While an objective
metric which does not need a reference signal is highly desirable, it
is also extremely difficult to create such a metric. But it is reasonable
to at least expect that the metric take into account the sound being
produced when computing the distance between the reference and
the synthesized speech signal.

One other fundamental flaw in most objective metrics today is the
tendency to measure distance at the frame level with little or no con-
text. For instance, let us consider the case of MCD and for clarity, we
shall use the simple example of measuring distortion on just one co-
efficient for each frame. A plot of the true values of this hypothetical
parameter across time are shown in Figure 10.
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Figure 10: True values of the parameter

Let us now consider two possible sets of predictions of this param-
eter. Our task is to decide between the set of predictions in Figure 11

shown in red and the set of predictions in Figure 12 shown in purple.
These two sets of parameters have identical MCD scores. However,

any speech researcher would immediately point out that the param-
eter values in purple are better. The reason for this being that large
differences between consecutive parameter values would cause a lot
of distortions in the synthesized speech. Since the MCD calculation
does not take into account distortions across frames, errors like these
will go unnoticed. While it may appear that switching to a distortion
metric that is based on the delta parameters (differences between pa-



background and previous work 35

Time

P
ar

am
et

er
 

va
lu

e

Figure 11: Predicted parameters set 1
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Figure 12: Predicted parameters set 2

rameters of consecutive frames) might fix this, relying on deltas is still
a poor fix since the trajectory of the signal over intervals longer than
two frames will still be ignored. Instead, what we need is a composite
metric that can take into account both short and long term dynamics
of the speech signal.
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In the last few years, there has been a significant amount of interest in
the synthesis community in the use of post-filtering techniques that
modify the longer term dynamics of the signal. One such method is
the Modulation Spectrum technique proposed in [50]. This technique
looks at the trajectories of individual Mel Cepstral Coefficients across
several frames of an utterance. The Fourier transform of each of these
trajectories is then computed resulting in a Modulation Spectrum or
MS. The MS for a each phone is then modeled using a Gaussian Mix-
ture Model. On the synthesis end, this GMM is used to enforce the
parameter to have a particular Modulation Spectrum i.e. a particular
trajectory across time. In the paper, subjective tests indicate that the
enforcing this trajectory results in more natural sounding synthesis.
What is more interesting for this particular discussion though is that
despite obvious improvements in subjective quality, enforcing this tra-
jectory results in a higher (worse) MCD score.
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Figure 13: Modulation Spectrum computation

It is apparent that the long term dynamics of the signal matter
quite a lot and that MCD does not adequately measure these. We
must therefore consider using metrics that take longer term dynamics
into account. One option is to use the Modulation Spectrum itself.
Measuring distortion in the MS domain might be able to detect the
distortions that occur in the long term trajectories of the individual
parameters across multiple frames. The MS technique is quite similar
to the Frequency-Domain Linear Prediction described in [4]; the main
difference between the two is that the latter codes the parameters

37
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using LPC rather than the log DFT. It is difficult to predict which
of these two techniques will be better suited for evaluating speech
synthesis. However, considering the ease of implementation of these
two techniques, I plan to investigate the use of both. It may very well
turn out that the best evaluation metric is a combination of both of
these techniques in addition to the traditional frame-based distortion
measurements.

spectrotemporal receptive fields

While the use of Frequency-Domain Linear Prediction and the Mod-
ulation Spectrum might be a major shift from the conventional ways
of measuring distortion in speech synthesis, these are still metrics
which could be considered speech coding metrics and there is noth-
ing in them which is inherently specific to speech synthesis.

To get an idea of why a speech synthesis specific metric is necessary,
let’s take a look at the spectrogram shown in Figure 14, specifically at
the section inside the red box.

Figure 14: "Author of the danger trail, Philip Steels, etc"

The box highlights the formants for the diphthong in the word
’trail’. Diphthongs are fundamentally characterized by formant tra-
jectories that extend across multiple frequencies in a relatively short
period of time. Neither MCD nor any of the longer term metrics that
I have proposed in the previous section are capable of accurately de-
tecting trajectories that extend both across time and frequency. We
must therefore move away from naive metrics that only consider the
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parameters in one dimension and treat speech as the two dimensional
signal that it actually is. One reason why this might work for synthe-
sis but not for coding is that we know the exact boundaries of every
phone in the utterances we synthesize. We could therefore apply two
dimensional representations like these only to the phones where it
matters. It makes a lot of sense to analyze two-dimensional represen-
tations in diphthongs, but makes no sense to do so in fricatives.

There are also physiologically motivated reasons for using two di-
mensional representations of the speech signal. Studies of the primary
auditory cortex of small mammals have found that the responses of
the neurons correspond to joint spectro-temporal patterns. In other
words, the neurons in the auditory cortex fire in response to spe-
cific two dimensional patterns in the spectrogram such as upward or
downward moving ripples rather than just one-dimensional patterns.
The specific patterns that the neurons respond to are called Spectro-
Temporal Receptive Fields (STRFs for short). A Receptive Field is a
particular pattern or stimulus that causes a neuron to fire, and each
STRF is a specific spectro-temporal pattern that will cause the neuron
to fire. Detailed studies of these experiments are presented in [11]
and [44].

Many of these STRFs can be closely approximated using two di-
mensional Gabor filters. A Gabor Filter is the product of a Gaussian
envelope and a sinusoid. Figure 15 and Figure 16 show two different
views of a 2D Gabor filter.

Figure 15: 2D Gabor filter

Convolution of this filter with the spectrogram of the speech signal
will result in detection of all downward moving ripples. By using
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Figure 16: 2D Gabor filter top view

a multitude of such Gabor filters with varying sinusoid frequencies,
orientations, and scales, the formant trajectories in the speech signal
can be detected in the speech signal. These features can then be used
as an evaluation metric for speech synthesis.

At this stage, it is unclear what the best way to measure distance us-
ing these features would be. It could be a simple L2 distance or more
complex regression techniques. It might also be necessary to apply
dimensionality-reduction techniques to the features. At any rate, the
answers to all of these questions should become more obvious once
the research progresses.

As I had mentioned earlier, the use of STRFs for evaluating speech
synthesis is strongly motivated by my belief that evaluation metrics
should listen to the speech the same way humans do. There is a
large body of literature dedicated to understanding the human au-
ditory system (an overview of these techniques is available here:[46]).
While it will be impossible for me to implement all of these mod-
els, I plan to try using all auditory models for which working code
is available. Some examples of these are Power Normalized Cepstral
Coefficients[31], the Slaney auditory toolbox[45] and the code from
the Carney lab such as the one for this paper:[58].

All of the proposed experiments in this section will be run on the
Blizzard challenge[1] evaluation data which contains synthesis exam-
ples from many different systems over the years and the correspond-
ing ratings that human listeners assigned to these.



Part V

C O N C L U S I O N S A N D T I M E L I N E
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In the previous chapters, we have discussed the various problems that
plague the acoustic models of speech synthesis; my work towards
fixing some of these problems; and the proposed work that I plan
to do for the rest of my thesis. In this chapter, I will paraphrase the
proposed work presented in all the earlier chapters. This consolidated
chapter is purely for the convenience of my thesis committee, and
does not contain any information that doesn’t already exist in earlier
chapters.

In Part ii, I described the problems with the source models used
in current synthesizers. I will try to mitigate the problems caused
by imperfect source models by using a hybrid approach using both
parametric and non-parametric models to represent the glottal source
signal. The parametric model used will probably be the Liljencrants-
Fant model. The non-parametric model used will be decided later
based on literature review and experiments.

In Part iii, I had explained the necessity of creating representations
specific to the goals of synthesis. I believe that such representations
can be created using Deep learning approaches. I will investigate the
use of these techniques in creating joint models of the vocal tract and
the source characteristics.

In Part iv, I had highlighted the shortcomings of current objective
metrics especially when measuring aspects of the speech signal that
will be improved by the improved techniques of the previous chap-
ters. I propose the use of features that span longer intervals of time
and frequency, auditory models, and joint time-frequency features as
a potential source for creating better objective metrics.

43
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T I M E L I N E

July-Aug, 2014 Work on improving objective Metrics

Sep 2014 Re-examine neural network training process to consider

features that provided better objective metrics

Oct-Nov, 2014 Work on improving excitation models

Dec 2014 Re-assess neural network training to add excitation

models to the process

Jan-Feb 2015 Re-implement neural networks after factoring in

decisions made earlier

Mar 2015 Re-design objective metrics based on earlier results

Apr 2015 Re-design excitation models based on earlier results

May-June 2015 Consolidate and implement final versions

July-Aug 2015 Thesis writing

Aug 2015 Thesis Defense

45
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