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ABSTRACT

We propose a noise shaping method to improve the sound quality
of speech signals generated by WaveNet, which is a convolutional
neural network (CNN) that predicts a waveform sample sequence as
a discrete symbol sequence. Speech signals generated by WaveNet
often suffer from noise signals caused by the quantization error gen-
erated by representing waveform samples as discrete symbols and
the prediction error of the CNN. We analyze these noise signals and
show that 1) since the prediction error is much larger than the quan-
tization error, the effect of the quantization error on the noise sig-
nals is practically negligible, and 2) noise signals tend to cause large
spectral distortion in a high-frequency band. To alleviate the ad-
verse effect of these noise signals on the generated speech signals,
the proposed noise shaping method applies a perceptual weighting
filter to WaveNet, making it possible to use the frequency masking
properties of the human auditory system. We conducted objective
and subjective evaluations to investigate the effectiveness of the pro-
posed method and demonstrated that it significantly improved the
sound quality of the generated speech signals.

Index Terms— speech synthesis, WaveNet, noise analysis,
noise shaping, perceptual weighting

1. INTRODUCTION

Statistical parametric speech synthesis has been actively researched
as a framework to generate a synthetic speech signal based on a sta-
tistical model [1–3]. In this framework, a natural speech signal is
usually parameterized into acoustic features, which are then statis-
tically modeled using a probabilistic generative model. In the syn-
thesis, the acoustic features are generated from the model, and the
synthetic speech signal is reconstructed from the generated acoustic
features using a speech production approach, such as a source-filter
model. One of the biggest issues in this framework is that the syn-
thetic speech signal always suffers from errors in the parameteriza-
tion and reconstruction processes.

As a new framework free of this issue, WaveNet was recently
proposed [4]. In WaveNet, the speech signal is represented as a dis-
crete symbol sequence using a quantization process with a µ-law
companding transformation [5]. Then its probability mass function
is modeled with a Markov model (i.e., n-gram) using a convolu-
tional neural network (CNN). In the synthesis, the discrete symbol
sequence, which corresponds to the speech waveform samples, is
directly generated from the CNN in the same manner as the ran-
dom sampling from the n-gram model. WaveNet was originally
proposed as a text-to-speech (TTS) method and its outstanding per-
formance surpassed the existing state-of-the-art TTS methods [6–8].
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It has also been successfully applied to the reconstruction process of
speech signals from acoustic features, making it possible to develop
a new vocoder, the WaveNet vocoder [9, 10]. Since the WaveNet
vocoder no longer needs to use the source-filter model, it has great
potential to outperform such conventional high-quality vocoders as
STRAIGHT [11] and WORLD [12]. The direct waveform mod-
eling approach, which includes not only WaveNet but also Sam-
pleRNN [13], has attracted attention and its effectiveness has been
confirmed in several speech synthesis systems [14–16].

Although the direct waveform modeling approach tends to gen-
erate natural sounding speech signals, the generated speech signals
usually suffer from the noise signals caused by two types of errors:
the quantization error caused by representing waveform samples as
discrete symbols and the prediction error of the generative model. To
further improve the sound quality of the generated speech signals, it
will be useful to analyze the statistical characteristics of these noise
signals and develop a technique to suppress them.

In this paper, we first analyze the noise signals generated in the
WaveNet vocoder and show the following two results: 1) since the
prediction error is much larger than the quantization error, the effect
of the latter on the noise signals is practically negligible, and 2) the
noise signals tend to cause large spectral distortion in high-frequency
bands. These results inspire us to use the frequency masking prop-
erties of the human auditory system to improve the sound quality of
the generated speech signals. That is, the human auditory system has
a limited capability to detect noise in frequency bands in which the
speech signal has high energy, e.g., near the formant peaks [17, 18],
which is expected to be helpful for perceptually reducing the ad-
verse effects of the noise signals on the generated speech signals. As
a trial with this auditory masking effect, we propose a noise shaping
method based on a perceptual weighting filter for reallocating the
frequency components of the noise signals in relation to the global
spectral shape of the speech signals. We will conduct objective and
subjective evaluations and investigate the effectiveness of the pro-
posed method, thereby demonstrating that it significantly improves
the sound quality of the generated speech signals.

2. ANALYSIS OF NOISE GENERATED IN WAVENET

2.1. WaveNet [4]

A speech signal is typically represented as 16-bit integer values. In
WaveNet, they are quantized into 8 bits by µ-law companding trans-
formation, which is a non-linear function that roughly captures the
characteristics of a sample distribution of the speech signals. Then
a sample-by-sample speech waveform generation process is handled
as a sample-by-sample multi-class classification task for 256 (= 28)
classes. Thus, the speech signals are represented as discrete symbol
sequences consisting of 256 discrete values.
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WaveNet is a Markov model that predicts the current discrete
symbol from a fixed number of past discrete symbols. Therefore,
the probability mass function of the discrete symbol sequence (i.e.,
a quantized speech signal), x1, · · · , xT , is given by

p(x1, · · · , xT|h1, · · · ,hT ) =
T∏

t=1

p(xt|xt−R, · · · , xt−1,ht), (1)

where ht denotes an auxiliary feature vector at time t, e.g., the
acoustic feature vector in the WaveNet vocoder. Conditional prob-
ability mass function p(xt|xt−R, · · · , xt−1,ht) is modeled by the
CNN using many stacked convolutional layers, a dilated causal con-
volution, gated activation units [19], and residual and skip connec-
tions [20]. The CNN parameters are optimized by minimizing the
cross entropy between the observed data and the model distributions.

In the generation, the discrete symbol sequence is randomly gen-
erated sample by sample from the conditional probability mass func-
tion x̂t ∼ p(xt|x̂t−R, · · · , x̂t−1,ht), which is predicted from pre-
viously generated samples x̂t−R, · · · , x̂t−1 as well as the auxiliary
feature. In other words, CNN is used as an auto-regressive model.
Finally, the µ-law expansion transformation is applied to the gener-
ated discrete symbol sequence to reconstruct the speech signal.

2.2. Analysis of noise signals

The speech signals generated by WaveNet suffer from the noise sig-
nals caused by the quantization error e(q)t = st − xt, where st de-
notes a 16-bit integer value at time t and the prediction error e(p)t =
xt − x̂t. Here, we analyze the statistical characteristics of these two
errors using the WaveNet vocoder [9].

We trained the WaveNet vocoder and calculated the following
distortion metrics: 1) the signal-to-noise-ratio (SNR) to evaluate
the signal distortion including both the amplitude and the phase
distortion, 2) the mel-cepstral distortion (MCD) to evaluate the
power spectral envelope distortion that corresponds relatively well
to human perceptual distortion, and 3) the frequency-dependent
log-spectral distance (fLSD)1 to evaluate the frequency-dependent
power spectral distortion. These metrics were calculated between
the target speech signal and two types of speech signals: 1) the
quantized speech signal that only suffers from the quantization er-
ror e

(q)
t and 2) the generated speech signal that suffers from both

the quantization error e
(q)
t and the prediction error e

(p)
t , i.e. e

(q)
t

+ e
(p)
t . For the SNR calculation, a linear phase compensation was

performed frame by frame by adjusting a sample shift so that a
correlation coefficient between the target and the generated speech
signals was maximized in the same manner as in the previous work
[9]. For the MCD and fLSD calculations, we performed a standard
frame-by-frame calculation. The experimental conditions except for
the speech dataset were the same as in Section 4.

The SNR and MCD results and the fLSD results are shown in
Table 1 and Fig. 1, respectively. Table 1 shows that the noise signals
caused by the quantization error are much smaller than those by the
prediction error. Therefore, the quantization error is practically neg-
ligible compared to the prediction error. In Fig. 1, the quantization
error increases fLSD in the high-frequency band (around 5.0 kHz)
and decreases it in the low-frequency band (around 200 Hz). This
is because the quantization error usually has a flat spectral struc-
ture and makes a fLSD curve shape over the frequency axis that
resembles the inverse of an averaged spectral structure of the speech

1An averaged value of fLSD over the frequency is equivalent to the log-
spectral distance (LSD).

Table 1. SNR and MCD between target and generated speech sig-
nals

Errors in noise signal SNR (dB) MCD (dB)
e
(q)
t 33.87± 0.38 1.63 ± 0.012
e
(q)
t + e

(p)
t 2.90 ± 0.24 4.12 ± 0.022

Fig. 1. fLSD between target and generated speech signals

signals; i.e., the power of the frequency components of the quan-
tization error often exceeds that of the speech signals in the high-
frequency band, which causes a large fLSD, and vice versa in the
low-frequency band. Such a tendency is also observed in the noise
caused by both the prediction and quantization errors, and fLSD is
consistently larger than only in the quantization error. On the other
hand, the shape of the fLSD curve becomes flatter than only in the
quantization error. This means that the spectral structure of the pre-
diction error of WaveNet is not as flat as the quantization error.

These results imply that audible noise signals are mainly caused
by the prediction error and are more easily audible in the high-
frequency band than in the low-frequency band.

3. PROPOSED NOISE SHAPING METHOD BASED ON
PERCEPTUAL WEIGHTING FOR WAVENET

To reduce the adverse effects of the noise signals generated by
WaveNet on the sound quality of the generated speech signals,
we introduce a perceptual weighting technique to WaveNet based
on predictive pulse code modulation (PPCM)2 [21], which is a
well-known technique in analysis-by-synthesis speech coders. An
overview of the proposed method is shown in Fig. 2.

3.1. Noise shaping by PPCM

A block diagram of the PPCM is shown in Fig. 3. To quantize cur-
rent input sample xt in the encoder part, its value is predicted as x̃t

from previously reconstructed output samples x̂t−p, · · · , x̂t−1 using
a simple linear prediction as the predictor, and then residual signal
et between xt and x̃t is quantized as êt to be sent to the decoder
part. In the decoder part, reconstructed output sample x̂t can be cal-
culated from quantized residual signal êt and signal x̃t, predicted
from previously reconstructed ones x̂t−p, · · · , x̂t−1, using the same
predictor as in the encoder part.

In the PPCM, the predictor uses a time-invariant linear predic-
tive filter whose transfer function usually models the global spectral

2It is also known as the differential PCM (DPCM) with a predictor.
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Fig. 2. Overview of proposed method

Fig. 3. Block diagram of PPCM

Fig. 4. Effectiveness of noise shaping

structure of the speech signals. On the other hand, the quantizer usu-
ally generates error signal êt−et that has a flat spectral structure. In
such a case, the predictor also works as a noise shaping filter based
on perceptual weighting [21] because it makes a spectral structure of
the error signal that resembles that of the speech signals, as shown
in Fig. 4. Consequently, the filtered noise components are easily
masked by the original speech components.

Inspired by this traditional technique, we propose a noise shap-
ing method for WaveNet. In our proposed method, WaveNet is used
as the quantizer in the PPCM. In training, residual signal et is gener-
ated from speech signal st using a time-invariant linear filter called a
noise weighting filter or a perceptual weighting filter, which is given
by an inverse filter of the noise shaping filter. Then the residual sig-
nal is quantized into a discrete symbol sequence to be modeled by
WaveNet. In a synthesis, WaveNet generates the discrete symbol
sequence that corresponds to synthetic residual signal êt, which is
filtered using a noise shaping filter to reconstruct a synthetic speech
signal.

3.2. Design of noise shaping/weighting filters

A mel-generalized cepstrum [22] is used to design both the noise
shaping and weighting filters. The transfer function of the noise

shaping filter is given by

H(z) = s−1
γ

(
cγ(0) +

Mc∑
m=1

βcγ(m)z̃−m

)
, (2)

s−1
γ (ω) =

{
(1 + γω)

1
γ , 0 < |γ| ≤ 1

exp ω, γ = 0
,

where cγ(m), γ, β, and Mc respectively denote the m-th mel-
generalized cepstral coefficients, a power parameter of the mel-
generalized cepstrum, a parameter to control the noise energy in the
formant regions, and the order of the mel-generalized cepstrum. z̃−1

is the first order all-pass function, which is given by

z̃−1 =
z−1 − α

1− αz−1
, (3)

where α denotes the frequency warping parameter.
We calculate the averaged mel-generalized cepstral coefficients

in advance over all the frames extracted from the training data and
use them as the coefficients of the time-invariant noise shaping fil-
ter, which is designed with the mel-log spectrum approximation fil-
ter [23]. The time-invariant noise weighting filter is also designed in
advance as the inverse filter of the time-invariant noise shaping filter,
which is easily derived by multiplying the mel-generalized cepstral
coefficients by −1.

As expected from Fig. 1, since the spectral structure of the er-
ror signals depends on the prediction accuracy of WaveNet, it is not
always flat, as shown in Fig. 4. This situation causes a mismatch
between the spectral shape of the weighted noise signals and the
desired spectral shape and reduces the auditory masking effect. Ad-
justing parameter β might alleviate this mismatch. In this paper, we
investigate the effect of its setting on the sound quality of the gener-
ated speech signals.

3.3. Training and generation

In training the WaveNet vocoder, the acoustic features are extracted
from the speech signals in the training data. Then a time-invariant
noise weighting filter is designed and applied to the speech signals
for generating residual signals, which are quantized using the µ-
law companding transformation. Note that the dynamic range of
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the residual signals needs to be adjusted so that they are effectively
quantized by the µ-law companding. Then the quantized residual
signals are modeled by the WaveNet vocoder using the acoustic fea-
tures as auxiliary features.

In the generation, the quantized residual signal is made by the
WaveNet vocoder using the given acoustic features as auxiliary fea-
tures. Then the time-invariant noise shaping filter is applied to it
after the µ-law expansion and the dynamic range adjustment.

4. EXPERIMENTAL EVALUATION

4.1. Experimental conditions

We used a Japanese speech dataset from a male speaker consisting of
travel conversations and ATR phonetically balanced sentences [24].
From this dataset, 6,031 sentences (approximately 3.9 hours) were
used for training and 25 were used for the test. The sampling fre-
quency was 16 kHz. A high-pass filter was applied to the speech
signals to remove frequency components under 50 Hz.

We used the 0th-through-39th mel-cepstral coefficients, log-
scaled fo, and a voiced/unvoiced binary symbol as the auxiliary
features of the WaveNet vocoder. The fo values were extracted
by integrating the results of multiple fo extractors [12, 25, 26] and
linearly interpolated during the unvoiced regions. The mel-cepstral
coefficients were analyzed by WORLD (D4C edition [27]). The
frame shift was set to 5 ms. These features were duplicated from a
frame to the samples to match the length of the speech signals for
training the WaveNet vocoder.

For the parameters of the noise weighting filter, Mc, α, and γ
were set to 39, 0.42, and 0.0, respectively, and β was set to 0.1,
0.5, and 1.0. The residual signals generated by applying the noise
weighting filter to the speech signals were normalized in a range
from −1.0 to 1.0 and quantized by 8-bit µ-law companding. We
used a one-hot vector representation to represent the resulting dis-
crete symbol.

We set the network configuration of WaveNet, as previously de-
scribed [9]. The filter length of the causal convolution was set to 2.
Three dilated convolution blocks were used, each of which had ten
dilated convolution layers with dilations of 1, 2, 4, and 8 up to 512.
Thus, our network formed a total of 30 dilated causal convolution
layers, and the receptive field was 192 ms (3,070 samples). Both
the numbers of channels of the dilated causal convolution and the
1× 1 convolution in the residual block were set to 256. The number
of 1 × 1 convolution channels between the skip-connection and the
softmax layer was set to 2,048. Adam [28] was used as the opti-
mizer, the learning coefficient was 1.0e−3, the batch size was 20 k
samples, and the number of iterations was 200 k. We used an Inter
Xeon(R) CPU E5-2670 and a single GPU (GeForce GTX 1080) to
train the WaveNet vocoder. A fast WaveNet algorithm [29] was used
in the generation.

4.2. Experimental result

4.2.1. Objective evaluation

To investigate the effectiveness of our proposed noise shaping, the
fLSD between the target and reconstructed signals was calculated
over all the frames in the test set, as in Section 2.2. Its averaged
values are shown in Fig. 5. The increase of β reduces fLSD in the
high-frequency band over around 5.0 kHz and increases it in the low-
frequency band around 200 Hz, i.e., making the fLSD curve close
to flat. This result shows that the noise signals are shaped so that

Fig. 5. fLSD between target and reconstructed speech signals
Table 2. Objective evaluation results

Methods SNR (dB) LSD (dB) MCD (dB)
w/o NS 1.79 ± 0.19 10.45 ± 0.47 3.80 ± 0.017

w/ NS (β=0.1) 2.27 ± 0.21 9.64 ± 0.36 3.52 ± 0.016
w/ NS (β=0.5) 2.02 ± 0.20 8.70 ± 0.28 3.21 ± 0.015
w/ NS (β=1.0) 1.59 ± 0.18 8.66 ± 0.29 3.34 ± 0.017

Table 3. Preference score (%). “np” denotes no preference. Signifi-
cant difference at p < 0.01 level is shown in bold

w/ NS np w/o NS p-value z-score
45.3 30.8 23.7 < 10−6 0.29

their spectral shape resembles the averaged one of the speech sig-
nals. fLSD in the low-frequency band also tends to be larger than
that in the high-frequency band if β is set to 1.0 due to the mismatch
between the spectral shape of the shaped noise and the desired spec-
tral shape, as described in Section 3.2.

We also calculated SNR, LSD, and MCD in the test set, as in
Section 2.2. The results are shown in Table 2. The 95% confidence
interval is also shown in the table (mean and lower/upper bound).3

The proposed noise shaping (w/ NS) effectively improves these dis-
tance metrics.

4.2.2. Subjective evaluation

We conducted a preference test on the naturalness of synthesized
speech to compare the conventional method without noise shaping
and the proposed method with noise shaping where β was set to 0.5
based on an informal listening test. After our 15 subjects listened to
each pair of samples, they made a decision, but they were allowed to
choose “neutral” if they had difficulty.

Table 3 shows the result. The proposed method (w/ NS) signifi-
cantly outperforms the conventional method (w/o NS).

5. CONCLUSION

We analyzed the statistical characteristics of the noise signals gen-
erated in WaveNet-based speech generation and proposed a noise
shaping method based on perceptual weighting. Our experimental
results demonstrated that the proposed method effectively improved
the naturalness of the generated speech signals by successfully using
the noise masking properties of the human auditory system. Since
the experimental setting remains limited, we plan to conduct more
investigations in various conditions, such as multiple speakers [10],
various sizes of training data, and various applications [30–33].

3The SNR and MCD values are different from those in Table 1 since the
datasets used in the experiments were different.
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