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ABSTRACT

This paper examines four approaches to improving real-time neural
vocoders with simple acoustic features (SAF) constructed from fun-
damental frequency and mel-cepstra rather than mel-spectrograms.
The investigations are as follows: 1) the effectiveness of single Gaus-
sian (SG) autoregressive (AR) WaveNet and FFTNet vocoders with
SAF, 2) the possibility of SG parallel WaveNet vocoder training and
synthesis with SAF, 3) the impact of noise shaping on SG AR neural
vocoders, and 4) the efficacy of bandwidth extension to synthesize
speech waveforms at a sampling frequency of 24 kHz by SG AR
neural vocoders from SAF for that of 16 kHz. The results of exper-
iments indicate that SG AR WaveNet and real-time SG AR FFTNet
vocoders with noise shaping using SAF can realize sufficient synthe-
sis quality with bandwidth extension effect. Moreover, a real-time
SG parallel WaveNet vocoder can also be trained using SAF.

Index Terms— Speech synthesis, neural vocoder, FFTNet, par-
allel WaveNet, Gaussian inverse autoregressive flow, noise shaping

1. INTRODUCTION

Neural network-based raw audio autoregressive (AR) generative
models such as WaveNet [1], SampleRNN [2], FFTNet [3], and
WaveRNN [4] have been recently investigated and outperform the
conventional source-filter vocoders typically employed in conven-
tional statistical parametric speech synthesis (SPSS) [5] and voice
conversion (VC) [6]. Such raw audio generative models can realize
end-to-end text to speech (TTS), converting text to raw speech wave-
forms. The speech quality of English synthesized by Tacotron 2
can match that of natural speech at a sampling frequency fs of
24 kHz [7].

In contrast to TTS, a WaveNet vocoder that directly synthe-
sizes raw speech waveforms from acoustic features [8] has been
proposed to drive conventional source-filter vocoders within a neu-
ral network-based raw audio generative model framework. Neural
vocoders based on WaveNet [8] and SampleRNN [9] have been ap-
plied to SPSS [10, 11] and VC [12–14], and have been shown to
outperform conventional source-filter vocoders.

Compared with conventional source-filter vocoders, however,
the synthesis speed of AR neural vocoders remains problematic, be-
cause the sequential synthesis of each sample requires a huge amount
of calculation time [1,2]. To overcome this problem, FFTNet [3] has
a simpler structure based on a 1× 1 convolutional network and rec-
tified liner unit layers. As a result, FFTNet can synthesize raw audio
in real time. In addition, noise shaping [15, 16] and subband ap-
proaches [17, 18] have been applied to 256-way categorical FFTNet
to improve the synthesized speech quality [19]. However, its perfor-
mance cannot reach that of 256-way categorical WaveNet with noise
shaping [19].

Parallel WaveNet [20] introduces teacher–student knowledge
distillation based on the inverse autoregressive flow (IAF) [21] and
WaveRNN [4] introduces a single-layer recurrent neural network
with sparse and subscale modifications. These methods enable
real-time synthesis with 16-bit raw audio prediction. However, the
training in parallel WaveNet is unstable because of the intractable
Kullback–Leibler (KL) divergence between the student logistic and
teacher mixture of logistics (MoL) distributions [22].

To solve this problem, single Gaussian (SG) parallel WaveNet
was proposed. This method is based on the Gaussian IAF [21];
the non-AR student WaveNet is trained using a SG AR teacher
WaveNet. An SG-based AR WaveNet outperforms a MoL-based
AR WaveNet and the student network is better trained than in a
MoL-based parallel WaveNet. The entire end-to-end TTS based on
SG parallel WaveNet is called ClariNet [22].

The SG modeling is only applied to AR and parallel WaveNet
vocoders with 80-band mel-spectrograms for end-to-end TTS [22].
In conventional SPSS and VC, however, source-filter vocoders are
still widely employed to synthesize speech waveforms from esti-
mated and converted simple acoustic features (SAF) mainly con-
structed from the fundamental frequency and mel-cepstra [23, 24]
rather than mel-spectrograms [7, 14, 22]. Therefore, it is important
to investigate the effectiveness of SG modeling in AR WaveNet and
FFTNet with SAF, as employed in previous neural vocoders [8–
10, 12, 13, 15, 16, 18, 19]. In addition, it is also important to deter-
mine how parallel WaveNet can be successfully trained from SAF
because this remains uninvestigated. Furthermore, the impact of
noise shaping for these SG-based neural vocoders should also be
investigated at fs = 24 kHz because all previous investigations
used 256-way categorical WaveNet and FFTNet neural vocoders at
fs = 16 kHz [15, 16, 19].

In Tacotron 2 [7], high quality speech waveforms at fs =
24 kHz are synthesized from 80-band mel-spectrograms with a fre-
quency band of 125–7,600 Hz. The result indicates that SAF for
lower sampling frequencies might also be able to synthesize high
quality speech waveforms. Therefore, it is also important to investi-
gate whether speech waveforms at fs = 24 kHz can be synthesized
by neural vocoders from SAF for fs = 16 kHz to explore the possi-
bility of bandwidth extension. If this is possible, existing SPSS and
VC systems operating at fs = 16 kHz could be able to synthesize
speech waveforms at fs = 24 kHz.

Consequently, to improve real-time neural vocoders with SAF,
this paper investigates the following four topics: 1) the effectiveness
of the SG AR WaveNet and FFTNet vocoders with SAF, 2) the pos-
sibility of SG parallel WaveNet training and synthesis with SAF, 3)
the impact of noise shaping on SG AR neural vocoders, and 4) the
efficacy of bandwidth extension to synthesize speech waveforms at
fs = 24 kHz by SG AR neural vocoders from SAF at fs = 16 kHz.
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Fig. 1. Proposed FFTNet with residual connections and additional
multiplications.

2. INVESTIGATIONS OF SINGLE GAUSSIAN NEURAL
VOCODERS WITH SIMPLE ACOUSTIC FEATURES

2.1. SG AR WaveNet and FFTNet neural vocoders with SAF

Given acoustic features h, AR WaveNet [8] and FFTNet [3] neural
vocoders model conditional probability distribution p(x|h) of raw
audio waveform x = [x1, · · · , xT ] as

p(x|h) =
T∏

t=1

p(xt|x<t,θ;h), (1)

where θ are the parameters of the model. In AR WaveNet, Eq. (1) is
modeled by a stack of dilated causal convolution layers, allowing the
efficient input of very long audio samples with relatively few layers.
However, the network model size of WaveNet vocoders is still too
large to synthesize speech waveforms in real time. In contrast, to
significantly reduce the network model size, FFTNet uses simple
1 × 1 convolution layers instead of the dilated causal convolution
layers, and can therefore synthesize speech waveforms in real time
with a fast generation algorithm [25].

Although the vanilla WaveNet and FFTNet models introduce
a categorical distribution of the next sample xt based on µ-law
companding algorithm defined in G.711 [26], the MoL distribution
has been employed in parallel WaveNet [20] and several WaveNet
vocoders [11, 13] including Tacotron 2 [7] for predicting 16 bit
law audio to improve synthesized speech quality. In these neural
vocoders, 10-component MoL is used and the output consists of 30
channels. In parallel WaveNet, the MoL distribution is also used
for teacher–student knowledge distillation-based training using the
IAF [21]. However, a parallel WaveNet employs a Monte Carlo
method to approximate the intractable KL divergence between the
student logistic and teacher MoL distributions. Therefore, a double-
loop sampling is required for the student input and estimation of the
intractable KL divergence. [22].

To solve this problem in MoL-based parallel WaveNet, an SG
output distribution is provided. The conditional distribution of
p(xt|x<t,θ;h) in Eq. (1) is defined as:

p(xt|x<t,θ;h) = N (µ(x<t;θ), σ(x<t;θ)), (2)

where µ(x<t;θ) and σ(x<t;θ) are the mean and standard deviation
predicted by the AR WaveNet, respectively. Network parameters θ
are trained using maximum likelihood estimation [22]. Compared
with MoL distribution, the SG AR WaveNet can synthesize speech
waveforms with higher quality when using mel-spectrogram input
although only two output channels are used. In addition, the SG
modeling can efficiently train parallel WaveNet because the KL di-
vergence between the two Gaussian distributions of the teacher and
student models can be analytically calculated without sampling [22].

The SG modeling has only been applied to AR and paral-
lel WaveNet vocoders with mel-spectrogram input for end-to-end

TTS [22]. Therefore, this paper investigates the effectiveness of the
SG modeling for these neural vocoders with SAF constructed from
the fundamental frequency and mel-cepstra for directly applying the
conventional SPSS and VC frameworks.

SG modeling can also be directly applied to an FFTNet vocoder
with SAF. Compared with the categorical FFTNet, which has 256
input and output channels, there are one input and two output chan-
nels in the SG WaveNet. Real-time synthesis is also realized by SG
FFTNet vocoder. In a previous work, the residual connections in all
layers were found to improve the FFTNet model while keeping the
network model size [19]. In this paper, additional multiplications
with
√
0.5 are introduced after the residual connections in all layers

to improve the stability of the network, as shown in Fig. 1 and the
effectiveness of MoL and SG FFTNet vocoders with SAF are also
investigated.

2.2. SG parallel WaveNet vocoder with SAF

The SG parallel WaveNet is based on the Gaussian IAF [21]. In
SG parallel WaveNet, white noise z(0) is first generated from the
isotropic Gaussian distribution N (0, I) as the input of the non-AR
student WaveNet where I is a unit matrix. Using n stacked Gaussian
IAFs, where each flow is parameterized by a WaveNet, student input
z(0) is repeatedly transformed as z(0) → z(1) → · · · → z(n).
For acoustic feature input, the upsampling layer trained in the
teacher WaveNet is commonly used. Then, the student WaveNet
outputs a synthesized waveform xq and student Gaussian distri-
bution q(xt|x<t,θ;h) with mean µq and standard deviation σq

where xq = z(n) = z(0) � σq + µq . To match student Gaus-
sian distribution q(xt|x<t,θ;h) to teacher Gaussian distribution
p(xt|x<t,θ;h) provided by the SG AR teacher WaveNet, the KL
divergence between the two distributions is minimized. In contrast to
the intractable KL divergence in MoL-based parallel WaveNet [20],
the KL divergence between two Gaussian distributions can be an-
alytically calculated. In SG parallel WaveNet, the regularized KL
divergence loss is introduced as

KLreg(q||p) =λ| log σp − log σq|2

+ log
σp

σq
+
σ2
q − σ2

p + (µp − µq)
2

2σ2
p

, (3)

where λ = 4 is used in [22].
However, only minimizing the regularized KL divergence loss

leads to whisper voices [20, 22]. To avoid the problem, the spectro-
gram frame loss between synthesized and ground truth waveforms
xq and x is additionally considered and total loss L is calculated as

L = KLreg(q||p) + 1

B

∥∥∥ |STFT(xq)| − |STFT(x)|
∥∥∥2
2

(4)

in SG parallel WaveNet, where |STFT(x)| is the magnitude of the
short-term Fourier transform (STFT), B = 1025 is the number of
frequency bins, and the STFT size is 2048 with a 12.5 ms frame-shift
50 ms Hann window [22]. Using SG parallel WaveNet instead of SG
AR WaveNet enables speech waveforms to be directly generated by
the student SG WaveNet with white noise z(0) and acoustic features
h in real time.

As SG AR WaveNet vocoder, SG parallel WaveNet vocoder has
also only been investigated with mel-spectrogram input [22]. There-
fore, the possibility of SG parallel WaveNet vocoder training and
synthesis with SAF instead of mel-spectrograms is also investigated
in this paper.
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2.3. Impact of noise shaping on SG neural vocoders with SAF

The speech signals synthesized by neural vocoders often suffer from
noise caused by prediction errors, and these noise signals tend to
cause large spectral distortions in high-frequency bands. Thus, the
noise signals degrade the synthesized speech quality [16]. To reduce
the adverse effects of the noise signals generated by neural vocoders,
predictive pulse code modulation (PPCM) [27]-based time-invariant
noise shaping, which is a perceptual weighting technique, has been
applied to categorical WaveNet and FFTNet vocoders [15, 16, 19].
This noise shaping should improve the synthesized speech quality
of SG AR WaveNet and FFTNet as well as SG parallel WaveNet
vocoders. Therefore, the impact of noise shaping on SG neural
vocoders with SAF is also investigated in this paper.

2.4. Efficacy of bandwith extention on SG neural vocoders with
SAF

As described in Sec. 1, high quality speech waveforms at fs =
24 kHz are synthesized by a MoL-based WaveNet vocoder using
80-band mel-spectrograms with a frequency band of 125–7600 Hz in
Tacotron 2 [7]. Therefore, SG WaveNet and FFTNet neural vocoders
are trained to synthesize speech waveforms at fs = 24 kHz by using
SAF for fs = 16 kHz to investigate the bandwidth extension effect.

3. EXPERIMENTS

3.1. Experimental conditions

To evaluate the impact of the SG modeling and noise shaping meth-
ods for AR WaveNet and FFTNet as well as parallel WaveNet neu-
ral vocoders with SAF at fs = 24 and 16 kHz, a series of objec-
tive and subjective experiments were conducted using a Japanese
male speech corpus recorded at fs = 48 kHz and downsampled to
24 kHz, as used in [17–19]. In the experiments, 5,697 utterances
(about 3.7 h) were used as the training set and 20 utterances were
used as the test set.

In the experiments, acoustic features h were analyzed every
5 ms over a Hann window of length 25 ms. Fundamental frequency
fo, analyzed by an NDF algorithm [28], was used in all the vocoders
with SAF, as in [18, 19]. For the neural vocoders with SAF, the
0–th to 34–th mel-cepstral coefficients (35 dimensions) were ana-
lyzed from a simple STFT of windowed speech waveforms at fs =
24 kHz with warping coefficient α = 0.46. In addition, the 0–th to
24–th mel-cepstral coefficients (25 dimensions) were also analyzed
from speech waveforms at fs = 16 kHz with warping coefficient
α = 0.42 to investigate the possibility of bandwidth extension. In
the neural vocoders with SAF for fs = 24 kHz, (1 + 1 + 35 =)
37-dimensional vectors constructed from continuous logarithmic fo,
voice/unvoice one-hot vector, and mel-cepstrum coefficients (nor-
malized to have a zero-mean and unit-variance) were used as acous-
tic features h. For the acoustic features for fs = 16 kHz, (1 + 1 +
25 =) 27-dimensional vectors were employed.

The SG WaveNet with mel-spectrogram input is used as a ref-
erence. In this method, 80-dimensional log-mel-spectrograms were
analyzed every 12.5 ms over a Hann window of length 85.3 ms with
a frequency band 125 to 7,600 Hz and normalized to the range of [0,
1], as in [7]. Similar in [19], transposed convolution [1] was applied
for upsampling the acoustic features in all the neural vocoders and
the upsampling layer was also trained with neural vocoder models.

To directly compare the results with those of the original SG
WaveNet vocoders [22], the same network parameters as those of

the original SG WaveNet vocoders were employed. Both the resid-
ual and skip channels of AR and parallel WaveNet vocoders were set
to 128. Twenty layers (10 dilations × 2 cycles) with a kernel size of
two were used for the dilated causal convolution layers, giving a re-
ceptive field of 2,047 samples for the AR teacher WaveNet vocoder.
In the parallel WaveNet vocoder, 60 layers, where each Gaussian
IAF is parameterized by a 10-layer WaveNet with a kernel size of
three, were used, as in [22].

In the FFTNet vocoders, L = 11 layers were introduced and
the receptive field was 211 = 2, 048 samples, as used in the original
FFTNet [3]. The channel number of each FFTNet layer was 256 [3].
In FFTNet, 10-component MoL models were also investigated.

The AR WaveNet, AR FFTNet, and parallel WaveNet vocoders
required 3,000,000, 3,000,000, and 1,500,000 parameter updates, re-
spectively. In addition, an Adam optimization algorithm [29] up-
dated the neural network parameters with learning rates of 0.0002,
0.001, and 0.0002, respectively. As in MoL-based parallel WaveNet
and Tacotron 2, exponential moving averaging [30] with a decay rate
of 0.999 was used for the parameters. The minibatch sizes of all
neural vocoders were 2 × 5,000 samples. They were trained using a
single GPU of an NVIDIA Tesla P100.

Similar to previous approaches [15, 16, 19], a mel-generalized
cepstrum [23]-based noise shaping filtering implemented by the mel-
log spectrum approximation (MLSA) filter [24] was introduced. A
parameter to control noise energy in the formant regions was set to
0.5 for noise shaping according to the results of the WaveNet and
FFTNet vocoder investigations [15, 16, 19]. Noise shaping was not
applied to the SG AR WaveNet with mel-spectrograms. The re-
sults of preliminary experiments showed that the speech qualities
synthesized by MoL and SG FFTNet without residual connections
and noise shaping were obviously lower than those of the others.
Hence, they were omitted after the objective and subjective eval-
uations. As a result, nine models were evaluated, as described in
Table. 1 and Fig. 2. Although SG parallel WaveNet with noise shap-
ing was also investigated, it was difficult to train to the same quality
as obtained without noise shaping because the loss score cannot be
reduced. Therefore, determining a method to effectively train SG
parallel WaveNet with noise shaping is a future task.

3.2. Objective evaluations

To objectively evaluate the synthesized test set speech waveforms,
the signal-to-noise ratio (SNR) and spectral distortion (SD) between
original waveform x and synthesized x̂ were computed. As in pre-
vious studies [8,16,18], a linear phase compensation for each frame
was introduced to calculate the SNR. For acoustic feature analysis,
the STFT analysis window function was also a Hann window with
a frame length of 25 ms and frameshift of 5 ms. To consider the
human auditory perception criterion in the objective evaluation, the
mel-cepstral distortion (MCD) was also computed with weighting
factor α = 0.46. The results of the objective evaluations are pre-
sented in Table 1.

3.3. Subjective evaluations

To subjectively evaluate the speech waveforms synthesized by nine
models, mean opinion score (MOS) tests [31] were conducted. All
20 utterances of the test set were used as the evaluation set. These
were presented through headphones to 13 Japanese adult native
speakers without hearing loss (20 utterances × 9 conditions includ-
ing the original test set waveforms = 180 utterances). The MOS
results are plotted in Fig. 2.
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Table 1. Results of objective evaluations of 20 test set utterances. “NS” and “Parallel WN” denote noise shaping and parallel WaveNet,
respectively.

Method Network Type Input features Real-time NS SNR [dB] SD [dB] MCD [dB]
(a):WN-SG-MSPC WaveNet SG Mel-spectrogram 3.30 ± 0.39 9.34 ± 0.20 3.71 ± 0.12
(b):WN-SG-SAF WaveNet SG SAF 24 kHz 5.40 ± 0.44 8.02 ± 0.08 2.55 ± 0.07
(c):WN-SG-SAF-NS WaveNet SG SAF 24 kHz X 3.90 ± 0.73 7.57 ± 0.08 2.20 ± 0.04
(d):WN-SG-SAF16k-NS WaveNet SG SAF 16 kHz X 3.70 ± 0.69 8.26 ± 0.07 2.89 ± 0.05
(e):PWN-SG-SAF Parallel WN SG SAF 24 kHz X 5.20 ± 0.41 8.09 ± 0.06 2.73 ± 0.07
(f):FN-MoL-SAF-NS FFTNet MoL SAF 24 kHz X X 3.20 ± 0.66 7.96 ± 0.08 2.69 ± 0.05
(g):FN-SG-SAF-NS FFTNet SG SAF 24 kHz X X 2.90 ± 0.66 8.01 ± 0.08 2.80 ± 0.05
(h):FN-SG-SAF16k-NS FFTNet SG SAF 16 kHz X X 3.10 ± 0.66 8.53 ± 0.07 3.36 ± 0.05
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Fig. 2. Results of MOS test with 13 listening subjects. “WN”, “FN”
and “SAF” are omitted, as defined in Table. 1.

4. DISCUSSIONS

4.1. Effectiveness of SG AR WaveNet vocoder with SAF

From the results of (a) and (b), the synthesis quality of the SG AR
WaveNet vocoder with mel-spectrograms was insufficient and lower
than that with SAF. This might be due to the lack of training data
(only 3.7 hours) since original SG AR WaveNet vocoders with mel-
spectrograms have been trained using about 20 hours of training
data [22]. The other reason might be due to the lack of network
parameters since Tacotron 2 [7] and a WaveNet-based VC with mel-
spectrograms [14] have used larger numbers of network parameters
than those of these investigations and original SG AR WaveNet [22].
These results indicate that SG AR WaveNet with SAF might be eas-
ily trained compared with that with mel-spectrograms when using
not so large amount of training data since SAF can might more sim-
ply represent speech information than mel-spectrograms although
the fundamental frequency estimation is required. However, the syn-
thesis quality of the SG AR WaveNet vocoder without noise shaping
using SAF was not so high although highest SNR can be achieved.
To confirm this hypothesis and to improve the synthesis quality of
the SG AR WaveNet vocoder with SAF, further investigations with
a larger amount of training data are required as future work.

4.2. Possibility of SG parallel WaveNet vocoder with SAF

From the results of (e), SG parallel WaveNet can be successfully
trained from SAF with reasonable SNR although synthesized wave-

forms still include spectral distortions and the synthesis quality was
not so high. The reason might also be due to the lack of training data
since at least 9 hours of training data has been used in the original
parallel WaveNet [20]. To improve the synthesis quality of the SG
parallel WaveNet vocoder with SAF, a huge amount of training data
(more than 10 hours) might also be required.

4.3. Impact of noise shaping on SG AR neural vocoders

From the results of (b), (c), (f) and (g), noise shaping can sig-
nificantly improve the SG WaveNet, MoL and SG FFTNet neural
vocoders to sufficient synthesis quality over MOS values of 4.0 com-
pared with the SG WaveNet without noise shaping when using not so
large amount of training data. The results especially for FFTNet, are
important since FFTNet can synthesize speech waveforms in real-
time and categorical FFTNet vocoders with noise shaping cannot
reach sufficient synthesis quality in a previous investigation [19].

4.4. Efficacy of bandwidth extension on SG AR WaveNet and
FFTNet vocoders with SAF

From the results of (d) and (h), the SG WaveNet and FFTNet
vocoders with SAF for fs = 16 kHz can still realize sufficient syn-
thesis quality over MOS values of 4.0 and the bandwidth extension
effect was successfully validated in SG neural vocoders although
this effect was not confirmed in a previous subband approach [18].

5. FUTURE WORK

To improve the synthesis quality of SG AR FFTNet and SG paral-
lel WaveNet neural vocoders with SAF, further investigations with
a larger amount of training data should be required and they should
be compared with other real-time neural vocoders [4, 32, 33] as fu-
ture work. Furthermore, an efficient learning method for training SG
parallel WaveNet with noise shaping should also be investigated.

6. CONCLUSIONS

This paper investigated methods for improving real-time neural
vocoders with SAF. The results of these investigations indicated
that real-time MoL and SG AR FFTNet vocoders with noise shaping
using SAF can realize sufficient synthesis quality with bandwidth ex-
tension effect. Moreover, a real-time SG parallel WaveNet vocoder
can also be trained from SAF. These investigations are important for
improving the existing SPSS and VC systems based on source-filter
vocoders with SAF.
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