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ABSTRACT

Speech synthesis technology has a wide range of appli-
cations such as voice assistants. In recent years waveform-
level synthesis systems have achieved state-of-the-art perfor-
mance, as they overcome the limitations of vocoder-based
synthesis systems. A range of waveform-level synthesis sys-
tems have been proposed; this paper investigates the perfor-
mance of hierarchical Recurrent Neural Networks (RNNs) for
speech synthesis. First, the form of network conditioning is
discussed, comparing linguistic features and vocoder features
from a vocoder-based synthesis system. It is found that com-
pared with linguistic features, conditioning on vocoder fea-
tures requires less data and modeling power, and yields bet-
ter performance when there is limited data. By conditioning
the hierarchical RNN on vocoder features, this paper devel-
ops a neural vocoder, which is capable of high quality syn-
thesis when there is sufficient data. Furthermore, this neu-
ral vocoder is flexible, as conceptually it can map any se-
quence of vocoder features to speech, enabling efficient syn-
thesizer porting to a target speaker. Subjective listening tests
demonstrate that the neural vocoder outperforms a high qual-
ity baseline, and that it can change its voice to a very different
speaker, given less than 15 minutes of data for fine tuning.

Index Terms— Waveform-level speech synthesis, hierar-
chical RNN, conditioning vector, flexible speech synthesis

1. INTRODUCTION

Speech synthesis systems are highly valuable. They can, for
example, be used in voice assistants. Speech synthesis can
be non-parametric [1, 2, 3] or parametric [4, 5, 6, 7]. Non-
parametric speech synthesis is also known as concatenative
speech synthesis; it generates speech by concatenating units
of recorded speech, and requires a large corpus to cover the
target domain. Parametric speech synthesis is also known as
statistical speech synthesis; it generates speech by learning
the mapping from text to speech, and is more flexible [8].
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Parametric speech synthesis comes in two categories:
feature-level speech synthesis [9, 10, 11] and waveform-level
speech synthesis [12, 13, 14, 15]. In feature-level speech
synthesis, also known as vocoder-based speech synthesis, a
model generates a sequence of vocoder features, which is then
mapped to a sequence of waveform samples by a vocoder [8].
Feature-level speech synthesis is hence limited by the quality
of the vocoder. Typically the vocoder assumes stationarity
in a sliding window, and uses explicitly engineered vocoder
features that leads to lossy representations of waveforms. In
contrast, waveform-level speech synthesis is not limited by
these factors [12, 13].

A major challenge for waveform-level speech synthesis
is to model a sequence of waveform samples, which is or-
ders of magnitude longer than the corresponding sequence of
frames. For sequence modeling, it is natural to use vanilla
RNN [16, 17], or its variations which can model longer se-
quences, such as Gated Recurrent Unit (GRU) [18] and Long
Short Term Memory (LSTM) [19]. However, due to the van-
ishing gradient problem [20], even LSTM and GRU cannot
directly model waveforms. To deal with this problem, one
approach is to use dilated Convolutional Neural Networks
(CNNs) [12]. An alternative is to use hierarchical RNNs [17],
which is computationally more efficient [21].

Another challenge for waveform-level speech synthesis is
to represent text, typically as a sequence of feature vectors,
also known as conditioning vectors. Several approaches have
been proposed. One approach [13] uses features implicitly
extracted from character sequences by a neural network, and
uses attention mechanism. The extracted features can be pow-
erful but are hardly interpretable, and the attention mecha-
nism has the issue of attention drift [22]. In contrast, other ap-
proaches respectively use linguistic features [12] and vocoder
features [23] from vocoder-based synthesis systems.

This paper investigates the performance of hierarchical
RNNs for waveform-level speech synthesis, rather than di-
lated CNNs. The main contributions are as follows. First, it
investigates different network conditioning, i.e. text represen-
tation, and finds that conditioning on vocoder features reduces
the need of data and modeling power. Next, it develops a neu-
ral vocoder by conditioning the hierarchical RNN on vocoder
features, and introduces some training techniques that can
also be applied to other neural networks. Furthermore, this
paper investigates the flexibility of the neural vocoder. Both



objective measures and subjective listening tests are used
in the experiments. The results demonstrate that the neural
vocoder outperforms a high quality baseline, and that it can
change its voice to a very different speaker given less than 15
minutes of data for fine tuning.

2. WAVEFORM REPRESENTATION

The probability of a sequence of waveform samples x1:T =
{x1, ..., xT } given a sequence of text w1:M = {w1, ...,wM}
can be factorized as a product of conditional probabilities, as
formulated in equation 1. θwav denotes model parameters.

p(x1:T |w1:M , θwav) =

T∏
t=1

p(xt|x1:t−1,w1:M , θwav) (1)

The conditional distribution p(xt|x1:t−1,w1:M , θwav) of
an individual waveform sample can be modeled by a mix-
ture model [24, 25], or a categorical distribution [26]. This
paper uses categorical distribution, because it is more flexi-
ble than mixture models. To apply categorical distribution to
waveform samples, this paper uses µ-law quantization [27],
because it results in higher resolution for the samples close to
the mean of the samples, which is preferable for speech wave-
forms. Previous research has demonstrated the advantages of
categorical distribution and µ-law quantization [12, 17].

3. TEXT REPRESENTATION

Text representation plays an important role in speech synthe-
sis, and several different approaches have been proposed. One
approach is to use raw text, i.e. a sequence of words or charac-
ters, as shown in figure 1 (d). The advantage of this approach
is that there is no loss of information; the disadvantage is that
mapping raw text to speech requires a complicated system,
which is often difficult to train and adapt. In previous re-
search adopting this approach, part of the system is a neural
network with attention mechanism, which implicitly extracts
a sequence of feature vectors from text. These feature vectors
can be powerful but are hardly interpretable, and the attention
mechanism has the issue of attention drift [22].

This paper uses two other approaches of text representa-
tion, where feature extraction is made explicit to reduce the
need of modeling power and data. A sequence of feature vec-
tors is used to represent text, and mapping feature vectors
to speech usually requires a less complicated system. This
can be viewed as introducing an intermediate variable c1:T to
equation 1 and approximating an integral by a point estimate
c∗1:T , as formulated in equations 2 to 4.

Fig. 1. Illustration of different speech synthesis systems;
FLSS and WLSS stand for feature-level and waveform-level
speech synthesis; (a) is a frame-level synthesis system, the
others are waveform-level synthesis systems

p(x1:T |w1:M , θwav) =

∫
p(x1:T |c1:T , θwav)

p(c1:T |w1:M )dc1:T

(2)

p(c1:T |w1:M ) = δ(c1:T − c∗1:T ); c
∗
1:T = fwc(w1:M ) (3)

p(x1:T |w1:M , θwav) = p(x1:T |c∗1:T , θwav) (4)

The feature vectors c∗1:T are also known as conditioning
vectors. The two types of conditioning vectors used in this
paper are linguistic features and vocoder features. It should
be noted that standard linguistic features and vocoder features
need to be upsampled to match the sampling frequency of
waveform samples. In this paper, upsampling is realized by
linear interpolation.

Linguistic features l1:T are vectors derived from text us-
ing Natural Language Processing (NLP) techniques. A lin-
guistic feature vector corresponds to a phoneme, and contains
information such as the identities of the current phoneme and
the neighbour phonemes, the position of the phoneme in the
syllable, the position of the syllable in the word, etc [9]. The
derivation process is not trainable, and is shown in equation
5. Figure 1 (b) shows a synthesis system conditioned on lin-
guistic features.

Vocoder features o1:T can be extracted from waveforms
by a vocoder, or generated by a frame-level speech synthesis
system. In this paper, the vocoder features used for condi-
tioning are generated; the generation process is trainable, as
formulated in equation 6. θvoc denotes the parameters of the
frame-level synthesis system, which are trainable. A vocoder
feature vector contains information such as mel-cepstrum and
fundamental frequency [28]. In this paper PML vocoder fea-
tures are used, because a study comparing various vocoders
shows that PML vocoder has the best overall performance
across the performed tests [29]. Figure 1 (c) shows a synthesis
system conditioned on acoustic features, which are generated
by a synthesis system shown in figure 1 (a).



c∗1:T = l1:T = fwl(w1:M ) (5)
c∗1:T = argmax

o1:T

p(o1:T |l1:T , θvoc) (6)

Compared with linguistic features, conditioning on vocoder
features has two advantages. First, it reduces the need of data
and modeling power. A waveform-level speech synthesis sys-
tem conditioned on vocoder features can be viewed as a neural
vocoder, since it replaces the vocoder mapping vocoder fea-
tures to waveform samples. In contrast, when conditioned on
linguistic features, the system replaces a more complicated
process of mapping linguistic features to vocoder features
and then to waveform samples. Second, conditioning on
vocoder features makes a waveform-level speech synthesis
system flexible. Conceptually, a neural vocoder can map any
sequence of vocoder features to speech, enabling efficient
synthesizer porting to a target speaker.

4. HIERARCHICAL RECURRENT NEURAL
NETWORKS

The conditional distribution p(xt|x1:t−1, c1:T ) of a waveform
sample depends on the conditioning vectors as well as previ-
ous waveform samples. Even with a relatively low sampling
rate of 16kHz, there are about 6000 waveform samples for
each word. However, conventional sequence models such as
LSTM and GRU can only cover about 100 time steps. To
deal with this problem, this paper uses Hierarchical RNNs
(HRNNs).

4.1. Model architecture

HRNN takes into account the fact that waveform samples
contain structures at different time scales [17]. It uses a hi-
erarchy of tiers, each operating at a different time scale, i.e.
frequency. Figure 2 illustrates the structure of HRNN; a 3-tier
model is shown but the configuration can be tuned to suit dif-
ferent tasks. The lowest tier operates at waveform-level fre-
quency, and outputs distributions of waveform samples. Each
higher tier operates at a lower frequency, and supervises the
tier below it.

Except the lowest tier, all tiers operate below waveform-
level frequency. These tiers are RNNs operating on non-
overlapping frames of waveform samples, hence they are also
known as frame-level tiers. Each frame-level tier summarizes
the history of its inputs into a supervising vector for the next
tier downward. These tiers can be formulated as equations
7 to 9. K + 1 is the number of tiers and k the tier index.
c, f , s and W denote conditioning vector, frame vector,
supervising vector and weight matrix; e and h denote input
and out of RNN. To increase readability, unless necessary the
superscript (k) is not shown for e(k)

t(k) , h
(k)

t(k) , f
(k)
RNN and W (k).

Table 1. Relation of time steps at different tiers
time step

tier 2 1
tier 1 1 2 3 4
tier 0 1 ... 20 21 ... 40 41 ... 60 61 ... 80

et(k) =

{
Wcc

(k)

t(k) +Wff
(k)

t(k) + s
(k+1)

t(k) ; 0 < k < K

Wcc
(k)

t(k) + f
(k)

t(k) ; k = K
(7)

ht(k) = fRNN(ht(k)−1, et(k)) (8)

s
(k)

t(k−1)+r
= Wrht(k) ; 1 ≤ r ≤ R(k) (9)

For each tier k, a frame vector f (k)

t(k) includes FS(k) pre-
vious waveform samples {xt(k)−FS(k):t(k)−1}, where FS
stands for frame size. The complete history, which has a
growing length, is approximated by a fixed-length history
vector ht(k) . At each time step t(k), the RNN makes a history
update as a function of the previous history ht(k)−1 and the
current input et(k) , as shown in equation 8. For the top tier
(k = K), the current input is a linear combination of a frame
f
(k)

t(k) and a conditioning vector c(k)
t(k) . For intermediate tiers

(0 < k < K), it also includes a supervising vector from the
next tier upward s

(k+1)

t(k) .
To condition the next tier downward, the history vector is

upsampled into a series of R(k) supervising vectors, where
R(k) is the ratio between the frame sizes of the two tiers. If
k = 1, R(k) = FS(k); otherwise R(k) = FS(k)/FS(k−1).
This upsampling is realized by a set of R(k) different linear
mappings, which has been demonstrated to work well [30].
Note that for each tier, time step t(k) is related to a differ-
ent frequency. Each time step t(k) at tier k corresponds to
R(k) time steps in tier k − 1. Table 1 illustrates how time
steps at different tiers are related, taking the configuration
shown in figure 2 as example. In this configuration, FS(2) =
80, FS(1) = 20, FS(0) = 20, R(2) = 4, R(1) = 20.

The lowest tier operates at waveform-level frequency, i.e.
sampling frequency; hence it is also known as sample-level
tier. This tier is a DNN with a softmax output layer, and can
be formulated as equations 10 to 12.

et(0) = W
(0)
f f

(0)

t(0)
+ s

(1)

t(0)
(10)

yt(0) = fDNN(et(0)) (11)
xt(0) ∼ Cat(yt(0)) (12)

At each time step, the input et(0) is a linear combina-
tion of the supervising vector from tier 1 and an overlapping
frame including FS(0) previous waveform samples; hence
the model can consider both long-term and short-term depen-
dencies when making predictions. Previous experiments have
shown that if the prediction only depends on the supervising
vector, the performance of the synthesis system will decrease



Fig. 2. Visualization of a hierarchical RNN with 3 tiers; to increase readability, t(0), t(1), t(2) are denoted as t, j, i

considerably [17]. The output yt(0) is a vector correspond-
ing to a categorical distribution, each dimension showing the
probability of one category. Each waveform sample is sam-
pled from its categorical distribution.

During training, the complete sequence of waveform sam-
ples is available. During synthesis, this is not the case, so the
model is run in an auto-regressive fashion: the sampled out-
put at one time step will be included in the input at future time
steps.

4.2. Training techniques

As a neural network, HRNN is trained with Stochastic Gra-
dient Decent (SGD), which can be stuck in a local minimum
that degrades performance. This section analyzes two such
scenarios, and introduces training techniques that can also be
applied to other neural networks. In our experiments, these
training techniques considerably improved performance.

When using conditioning vectors with high dimensional-
ity, the number of weights increases accordingly, and training
can be problematic. SGD can be stuck in a local minimum
where information from the conditioning vector overwhelms
that from the previous waveform samples [31]. This prob-
lem can be solved by pretraining HRNN as an unconditional
model. During pretraining, the weights for conditioning vec-
tors are locked to zero. After pretraining, these weights are
randomly initialized and normal training begins. During nor-
mal training, all the weights are trained together.

When using a deep HRNN with many tiers, training can
be also problematic. Tier-wise training is a helpful technique
in this scenario. To train aK+1-tier HRNN, aK-tier HRNN
is trained first; then its weights are used to initialize theK+1-
tier HRNN. When training theK+1-tier HRNN, the weights
of the extra tier, which are randomly initialized, are trained for

a few epochs, while other weights are locked; after the tier-
wise training phase, all the weights will be trained together.

5. EXPERIMENTS

5.1. Data configurations

The experiments in this paper are performed on two datasets
with different size, namely Nick and Nancy. Nick dataset con-
tains 2396 utterances from a male British speaker; each utter-
ance is about 2 seconds so there is about 3 hours’ speech in
total. Nancy dataset contains 12095 utterances from a female
American speaker; each utterance is about 5 seconds so there
is about 15 hours’ speech in total. Regardless of the dataset,
50 utterances are for validation, another 50 utterances are for
testing, and the rest utterances are for training.

For waveforms, the sampling frequency is 16kHz, and the
samples are quantized into 256 integer values. For condition-
ing vectors, both linguistic features and vocoder features have
a frequency of 200Hz; when necessary they are upsampled
as described in section 3. The linguistic features are 601-
dimensional vectors; the first 592 dimensions are binary and
the other dimensions are continuous. The vocoder features
are 163-dimensional vectors; all dimensions are continuous.

5.2. Model configurations and training

The baseline synthesis model operates at feature-level, and is
shown in figure 1 (a). It maps a linguistic feature sequence
to a vocoder feature sequence, which is later used by a PML
vocoder to generate speech. The mapping is realized by a
neural network, and θvoc denotes its parameters. It has three
bidirectional LSTM (BLSTM) layers, and the dimension of
each layer is 1024 for Nick dataset, and 512 for Nancy dataset.



Although called a baseline, this model is well tuned and can
generate speech with high quality. After training, this model
is used to generate vocoder features for all utterances of the
two datasets; these generate vocoder features are used as con-
ditioning vectors for neural vocoders.

For waveform-level synthesis, a 4-tier HRNN is used to
map a conditioning vector sequence to speech, as shown in
figure 1 (b) and (c). θwav denotes the model parameters. Tier 0
is a 4-layer DNN, including three fully connected layers with
ReLU activation and a softmax output layer; the dimension is
1024 for the first two fully connected layers, and is 256 for the
other two layers. The other tiers are all 2-layer RNNs; GRU is
used and the dimension is 1024 for all layers. The frequencies
for tiers 0 to 3 are respectively 16000Hz, 3200Hz, 800Hz and
200Hz.

The reason to use this HRNN configuration is as follows.
In general, using many tiers operating at diverse frequencies
leads to good performance. From experience, the effective
history length of GRU is about 100 time steps. For tier 3, each
time step corresponds to 5ms, so the effective history length
is 500ms, which is at word-level. Similarly, for tier 2, the
effective history length is 125ms, which is at phoneme-level.
For tier 1, the effective history length is 31.25ms, which is at
sub-phoneme-level and keeps the generated waveform from
being too smooth. For each RNN tier, the number of lay-
ers to use should be consistent with its upsampling rate R(k).
A tier with higher upsampling rate outputs more supervising
vectors, and should have more layers [31]. In the above con-
figuration, R(3) = R(2) = 4 and R(1) = 5, therefore all RNN
tiers have two layers.

During training, SGD is used to minimize the negative
log-likelihood. Gradients are hard-clipped to remain in the
range (−1, 1). Adam optimizer [32] with an initial learn-
ing rate of 0.001 (β1 = 0.9, β2 = 0.999, and ε = 1e−8)
is used. The initial RNN state of all the RNN-based mod-
els is learnable. Weight normalization [33] is used for all the
linear layers to accelerate training. Truncated back propaga-
tion through time is also used to accelerate training. Orthogo-
nal weight matrices are used for initializing hidden-to-hidden
connections and other weight matrices are initialized in a sim-
ilar way to the way proposed by He et al. [34].

5.3. Performance metrics

For speech synthesis, objective metrics are only indicative,
and subjective metrics are the gold-standard. In this paper,
both objective and subjective metrics are used. When devel-
oping a speech synthesis system, we evaluate it with objective
metrics, which are free and fast to use. When the system has
a reasonable quality, we evaluate it with subjective listening
tests.

Each listening test compares two systems, and is taken by
more than 30 workers from Amazon Mechanical Turk. Par-
ticipants are instructed to listen to pairs of sentences, and in-

Fig. 3. Result of the listening test comparing linguistic fea-
tures and vocoder features; Nick test set

dicate which one they prefer in terms of overall quality. Each
comparison includes 5 pairs of utterances randomly selected
among all the test utterances.1

For objective metrics, vocoder features are extracted from
reference and generated waveforms, and root-mean-square
error (RMSE) is computed between the feature trajectories.
When computing RMSE, two trajectories are synchronized
by phase shifting and zero-padding in a way that the result-
ing RMSE is minimal. To cover more aspects of speech,
STRAIGHT vocoder as well as PML vocoder are used. For
both vocoders, the dimensions of a vocoder feature vector can
be separated into three streams. For STRAIGHT vocoder, the
streams are aperiodicity (AP), mel-cepstrum (MCEP) and the
log of fundamental frequency (F0). For PML vocoder, the
streams are noise mask (NM), MCEP and log(F0). RMSE
are computed separately for each stream. Within each stream,
the RMSE of all dimensions are added. Although the energy
level for each dimension is different, adding them up is sen-
sible because the dimensions with higher energy are more
important for the quality of generated speech.

5.4. Investigation on conditioning vectors

To investigate different conditioning vectors, we trained two
HRNNs with Nick dataset, using linguistic features and
vocoder features respectively. It is expected that condition-
ing on vocoder features yields better performance, because
it requires less data and modeling power. Figure 3 shows
the result of the listening test comparing linguistic features
and vocoder features. Each number indicates the percentage
of participants with a certain preference. It can be seen that
most participants prefer conditioning on vocoder features.
Table 2 compares linguistic features and vocoder features us-
ing objective metrics. It shows the added RMSE for MCEP,
NM and log(F0). The vocoder analysis is performed with
a PML vocoder. It can be seen that when conditioning on
vocoder features, the model has better performance in all
three aspects.

5.5. Investigation on high quality speech synthesis

For HRNNs trained with Nick dataset, a problem is that the
generated utterances have obvious background noise, which

1Utterances generated in the experiments are randomly selected and made
available at http://mi.eng.cam.ac.uk/˜qd212/slt2018/



Table 2. Added RMSE for different conditioning vectors;
PML vocoder analysis; Nick test set

conditioning MCEP NM log(F0)
vocoder 7.60 8.15 0.39
linguistic 8.14 8.61 0.40

Table 3. Added RMSE for different models; PML vocoder
analysis; Nancy test set

model MCEP NM log(F0)
HRNN 6.75 10.82 0.51
baseline 7.27 8.93 0.42

is largely due to the amount of data being small. In our inter-
nal listening test, most participants prefer the BLSTM base-
line to HRNNs, and state that an important reason is the back-
ground noise. To reduce the background noise and improve
the quality of generated utterances, we trained a HRNN con-
ditioned on vocoder features with Nancy dataset, which is 5
times as large as Nick dataset. As expected, the generated ut-
terances have a much lower level of noise. Figure 4 shows
the result of the listening test comparing the HRNN with the
corresponding BLSTM baseline. It can be seen that most par-
ticipant prefer HRNN.

Table 3 shows the added RMSE of the HRNN and the
corresponding LSTM baseline, and PML vocoder is used for
this analysis. It can be seen that the HRNN is better than the
baseline in mel-cepstrum, but is worse in log(F0) and noise
mask. As discussed in section 5.3, objective metrics are only
indicative. Table 4 shows the results of the same analysis,
except that STRAIGHT vocoder is used. The HRNN is still
better than the baseline in mel-cepstrum, and it is comparable
in log(F0). Meanwhile, the HRNN is much better in terms of
aperiodicity.

5.6. Investigation on flexible speech synthesis

The HRNN conditioned on vocoder features is very flexible,
as conceptually it can map any sequence of vocoder features
to speech. To investigate the flexibility of the neural vocoder,
after training it with all the Nancy training data, we used dif-
ferent amounts of Nick training data to fine tune it, and then
tested the fine-tuned model with the test set of Nick data. As
expected, the neural vocoder is very flexible. Even when the
neural vocoder trained with Nancy data (female, American)

Table 4. Added RMSE for different models; STRAIGHT
vocoder analysis; Nancy test set

model MCEP AP log(F0)
HRNN 12.54 209.54 2.82
baseline 13.46 250.35 2.81

Fig. 4. Result of the listening test comparing HRNN and
baseline; Nancy test set

Fig. 5. Results of the listening tests comparing HRNN, HRN-
NFT100% and HRNNFT10%; Nick test set

is not fine tuned, it can map a sequence of vocoder features
from the test set of Nick data (male, British) to speech that
sounds like a British male.

Figure 5 shows the results of listening tests comparing
three systems: HRNN, HRNNFT10% and HRNNFT100%.
For HRNN, θwav and θvoc are trained with all the Nick train-
ing data. For HRNNFT10% and HRNNFT100%, first θwav
and θvoc are trained with all the Nancy training data, then θvoc
is trained with all the Nick training data, but θwav is fine tuned
with respectively 10% and 100% of Nick training data. It
can be seen that HRNN and HRNNFT100% have very sim-
ilar similar quality. More importantly, 10% of Nick training
data, which is about 10 minutes, is enough to fine tune the
model to be comparable with the HRNN trained with 100%
of Nick training data.

6. CONCLUSION

This paper investigates hierarchical RNNs for waveform-level
speech synthesis. First, the form of network conditioning
is discussed, comparing linguistic features and vocoder fea-
tures from a vocoder-based synthesis system. Conditioning
on vocoder features is found to require less data and mod-
eling power than linguistic features. Next, this paper devel-
ops a neural vocoder by conditioning the hierarchical RNN
on vocoder features. This neural vocoder is capable of high
quality synthesis and efficient synthesizer porting to a tar-
get speaker. Both objective measures and subjective listen-
ing tests are used in the experiments. The results demonstrate
that the neural vocoder outperforms a high quality baseline,
and that the it can change its voice to a very different speaker
given less than 15 minutes of data for fine tuning.



7. REFERENCES

[1] Eric Moulines and Francis Charpentier, “Pitch-
synchronous waveform processing techniques for text-
to-speech synthesis using diphones,” Speech communi-
cation, vol. 9, no. 5-6, pp. 453–467, 1990.

[2] Andrew J Hunt and Alan W Black, “Unit selection in
a concatenative speech synthesis system using a large
speech database,” in Acoustics, Speech, and Signal Pro-
cessing, 1996. ICASSP-96. Conference Proceedings.,
1996 IEEE International Conference on. IEEE, 1996,
vol. 1, pp. 373–376.

[3] Yoshinori Sagisaka, “Atr v-talk speech synthesis sys-
tem,” Proc. ICSLP, 1992, 1992.

[4] Takayoshi Yoshimura, “Simultaneous modeling of pho-
netic and prosodic parameters, and characteristic con-
version for hmm-based text-to-speech systems,” PhD
diss, Nagoya Institute of Technology, 2002.

[5] Heiga Zen, Keiichi Tokuda, and Alan W Black, “Statis-
tical parametric speech synthesis,” Speech Communica-
tion, vol. 51, no. 11, pp. 1039–1064, 2009.

[6] Heiga Zen, Norbert Braunschweiler, Sabine Buchholz,
Mark JF Gales, Kate Knill, Sacha Krstulovic, and Javier
Latorre, “Statistical parametric speech synthesis based
on speaker and language factorization,” IEEE transac-
tions on audio, speech, and language processing, vol.
20, no. 6, pp. 1713–1724, 2012.

[7] Ranniery Maia, Heiga Zen, and Mark JF Gales, “Statis-
tical parametric speech synthesis with joint estimation
of acoustic and excitation model parameters.,” in SSW,
2010, pp. 88–93.

[8] Zhen-Hua Ling, Shi-Yin Kang, Heiga Zen, Andrew Se-
nior, Mike Schuster, Xiao-Jun Qian, Helen M Meng,
and Li Deng, “Deep learning for acoustic modeling
in parametric speech generation: A systematic review
of existing techniques and future trends,” IEEE Signal
Processing Magazine, vol. 32, no. 3, pp. 35–52, 2015.

[9] Heiga Ze, Andrew Senior, and Mike Schuster, “Sta-
tistical parametric speech synthesis using deep neural
networks,” in Acoustics, Speech and Signal Process-
ing (ICASSP), 2013 IEEE International Conference on.
IEEE, 2013, pp. 7962–7966.

[10] Shiyin Kang, Xiaojun Qian, and Helen Meng, “Multi-
distribution deep belief network for speech synthesis,”
in Acoustics, Speech and Signal Processing (ICASSP),
2013 IEEE International Conference on. IEEE, 2013,
pp. 8012–8016.

[11] Heiga Zen, Mark JF Gales, Yoshihiko Nankaku, and
Keiichi Tokuda, “Product of experts for statistical para-
metric speech synthesis,” IEEE Transactions on Audio,
Speech, and Language Processing, vol. 20, no. 3, pp.
794–805, 2012.

[12] Aäron van den Oord, Sander Dieleman, Heiga Zen,
Karen Simonyan, Oriol Vinyals, Alex Graves, Nal
Kalchbrenner, Andrew Senior, and Koray Kavukcuoglu,
“Wavenet: A generative model for raw audio,” CoRR
abs/1609.03499, 2016.

[13] Jose Sotelo, Soroush Mehri, Kundan Kumar, Joao Fe-
lipe Santos, Kyle Kastner, Aaron Courville, and Yoshua
Bengio, “Char2wav: End-to-end speech synthesis,”
2017.

[14] Jonathan Shen, Ruoming Pang, Ron J Weiss, Mike
Schuster, Navdeep Jaitly, Zongheng Yang, Zhifeng
Chen, Yu Zhang, Yuxuan Wang, RJ Skerry-Ryan,
et al., “Natural tts synthesis by conditioning wavenet
on mel spectrogram predictions,” arXiv preprint
arXiv:1712.05884, 2017.

[15] Nal Kalchbrenner, Erich Elsen, Karen Simonyan, Seb
Noury, Norman Casagrande, Edward Lockhart, Florian
Stimberg, Aaron van den Oord, Sander Dieleman, and
Koray Kavukcuoglu, “Efficient neural audio synthesis,”
arXiv preprint arXiv:1802.08435, 2018.

[16] Alex Graves, “Generating sequences with recurrent neu-
ral networks,” arXiv preprint arXiv:1308.0850, 2013.

[17] Soroush Mehri, Kundan Kumar, Ishaan Gulrajani,
Rithesh Kumar, Shubham Jain, Jose Sotelo, Aaron
Courville, and Yoshua Bengio, “Samplernn: An un-
conditional end-to-end neural audio generation model,”
arXiv preprint arXiv:1612.07837, 2016.

[18] Junyoung Chung, Caglar Gulcehre, KyungHyun Cho,
and Yoshua Bengio, “Empirical evaluation of gated re-
current neural networks on sequence modeling,” arXiv
preprint arXiv:1412.3555, 2014.

[19] Sepp Hochreiter and Jürgen Schmidhuber, “Long short-
term memory,” Neural computation, vol. 9, no. 8, pp.
1735–1780, 1997.

[20] Razvan Pascanu, Tomas Mikolov, and Yoshua Ben-
gio, “On the difficulty of training recurrent neural net-
works,” in International Conference on Machine Learn-
ing, 2013, pp. 1310–1318.

[21] Utkarsh Saxena, “Speech synthesis techniques using
deep neural networks,” 2017, blog post, accessed 10-
July-2018.



[22] Zhanzhan Cheng, Fan Bai, Yunlu Xu, Gang Zheng, Shil-
iang Pu, and Shuigeng Zhou, “Focusing attention: To-
wards accurate text recognition in natural images,” in
Computer Vision (ICCV), 2017 IEEE International Con-
ference on. IEEE, 2017, pp. 5086–5094.

[23] Ya-Jun Hu, Chuang Ding, Li-Juan Liu, Zhen-Hua Ling,
and Li-Rong Dai, “The ustc system for blizzard chal-
lenge 2017,” in Proc. Blizzard Challenge Workshop,
2017.

[24] C Bishop, “Mixture density networks: Neural comput-
ing research group technical report ncrg/94/004,” Aston
University, 1994.

[25] Lucas Theis and Matthias Bethge, “Generative image
modeling using spatial lstms,” in Advances in Neural
Information Processing Systems, 2015, pp. 1927–1935.

[26] Aaron van den Oord, Nal Kalchbrenner, and Koray
Kavukcuoglu, “Pixel recurrent neural networks,” arXiv
preprint arXiv:1601.06759, 2016.

[27] G Recommendation, “Pulse code modulation (pcm) of
voice frequencies,” ITU, 1988.

[28] Gilles Andre Degottex, Pierre Kim Lanchantin, and
Mark John Gales, “A pulse model in log-domain for
a uniform synthesizer,” 2016.

[29] Manu Airaksinen, Lauri Juvela, Bajibabu Bollepalli, Ju-
nichi Yamagishi, and Paavo Alku, “A comparison be-
tween straight, glottal, and sinusoidal vocoding in statis-
tical parametric speech synthesis,” IEEE/ACM Transac-
tions on Audio, Speech, and Language Processing, vol.
26, no. 9, pp. 1658–1670, 2018.

[30] Alexey Dosovitskiy, Jost Tobias Springenberg, Maxim
Tatarchenko, and Thomas Brox, “Learning to gener-
ate chairs, tables and cars with convolutional networks,”
IEEE transactions on pattern analysis and machine in-
telligence, vol. 39, no. 4, pp. 692–705, 2017.

[31] Qingyun Dou, “Waveform level synthesis,” Mphil the-
sis, University of Cambridge, department of engineer-
ing, 2017.

[32] Diederik Kingma and Jimmy Ba, “Adam: A
method for stochastic optimization,” arXiv preprint
arXiv:1412.6980, 2014.

[33] Tim Salimans and Diederik P Kingma, “Weight normal-
ization: A simple reparameterization to accelerate train-
ing of deep neural networks,” in Advances in Neural
Information Processing Systems, 2016, pp. 901–909.

[34] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian
Sun, “Delving deep into rectifiers: Surpassing human-
level performance on imagenet classification,” in Pro-
ceedings of the IEEE international conference on com-
puter vision, 2015, pp. 1026–1034.


