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Abstract

The voice conversion (VC) system is a well-known approach to
improve the communication efficiency of patients with
dysarthria. In this study, we used a gated convolutional neural
network (Gated CNN) with the phonetic posteriorgrams (PPGs)
features to perform VC for patients with dysarthria, with
WaveRNN vocoder used to synthesis converted speech. In
addition, two well-known deep learning-based models,
convolution neural network (CNN) and bidirectional long
short-term memory (BLSTM) were used to compare with the
Gated CNN in the proposed VC system. The results from the
evaluation of speech intelligibility metric of Google ASR and
listening test showed that the proposed system performed better
than the original dysarthric speech. Meanwhile, the Gated CNN
model performs better than the other models and requires fewer
parameters compared to BLSTM. The results suggested that
Gated CNN can be used as a communication assistive system
to overcome the degradation of speech intelligibility caused by
dysarthria.

Index Terms: dysarthric speech, voice conversion, deep
learning, speech intelligibility, patients with dysarthria

1. Introduction

Dysarthria [1] is a speech disorder that is often caused by
neurological damage. For a dysarthric speaker, it may result in
phoneme loss, unstable prosody, and imprecise articulation;
hence, it causes a lack of speech intelligibility and difficulty in
communication. There are different augmentative and
alternative communication (AAC) devices to help patients
communicate with people, such as talking keyboard, eye
tracking device [2], and communication board [3]. Although
those devices can help dysarthric speakers express their
thoughts, they are often inefficient and inconvenient due to
problems such as slower communication with people and can
be further improved [4]. For this, the voice conversion (VC)
system can be a suitable technique for patients with dysarthria.

VC, developed more than 20 years ago, is a technique to
transfer one’s speech to another’s while preserving linguistic
information. A continuous probabilistic VC method based on
Gaussian mixture model (GMM) was proposed by Stylianou et
al. [5] in 1998. Toda et al. proposed a GMM-based VC using
dynamic features and global variance, which improves the
conversion performance in both speech quality and accuracy [6].
Besides GMM-based VC, different methods were also
proposed. Desai et al. [7] introduced VC based on an artificial
neural network (ANN), and the results showed that it achieved
better VC performance than the GMM model.
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More recently, the deep learning-based VC model was
proven to achieve a more markable performance than ANN in
the VC task (e.g., [8]). Following the success of deep learning
technology, several VC methods with deep learning technology
were continuously proposed. Chen et al. [9] proposed a VC
method using a deep neural network (DNN) trained by layer-
wise generative training, which improves both similarity and
naturalness better than conventional methods. Lai et al. [10]
present an LSTM-RNN system that combines acoustic and
linguistic information while doing VC, and the result shows that
the proposed method has lower speech distortion and better
intelligibility than conventional LSTM-RNN. Sun et al. [11]
introduced a deep bidirectional long short-term memory based
on recurrent neural networks (DBLSTM-RNNs) as the VC
model. Sun et al. [12] used the DBLSTM with phonetic
posterior grams (PPGs) features to perform the many-to-one
VC task, and the results showed that it performed well for the
users. More recently, Serrano et al.[13] used the four layers of
BLSTM structure with PPGs features for Esophageal speech
and the results shown the proposed system can reduce the word
error rate of an ASR system. Although the DBLSTM model was
proven to perform well in the VC application; however, a huge
number of parameters are needed to support the structure [14].
Therefore, it could increase the cost of the system on the
hardware circuit to increase the cost of a VC system for users.

On the other hand, the convolution neural network (CNN)
is another well-known model for the speech signal processing
task. First, the CNN model applies a set of filters to analyze the
features of local time-frequency structures to extract robust
feature representations. Then, a fully connected layer is
subsequently used to ultimately achieve good quality output
speech signals. The previous study [14] indicated that the CNN
model can perform similar to the BLSTM in the speech
enhancement task but only needed 7% parameters compared to
the BLSTM model. Hence, the CNN model can be an efficient
structure for hardware implementation in the speech signal
processing task.

Although the CNN model can be more sensitive to the
local time-frequency structure than the DNN model and
requires fewer parameters compared with BLSTM, the
sequential and Thierarchical structures of speech (e.g.,
voiced/unvoiced segments and phonemes/morphemes) could
not be effectively preserved, compared to the BLSTM
architectures. More recently, the Gated CNN [15] has shown
that it can capture the features of long-term speech signals well.
The structure of Gated CNN is similar to that of the CNN model,
but the activation function of each layer of the Gated CNN can
be trained based on the data. In other words, the network of
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Figure 1. Block diagramof (a) training and (b) conversion workflow of the proposed VC system

Gated CNN can control which information should be
propagated through the hierarchy of layers and achieve results
similar to the RNN-based model. Hence, it could benefit to
improve intelligibility performance of VC for dysarthric
speakers. Moreover, previous studies indicated that the number
of parameters in Gated CNN is less than in the BLSTM
structure under similar circumstances[14]. Therefore, Gated
CNN could be an efficient structure for the hardware
implementation task, compared with the BLSTM structure.
Following the success of the Gated CNN structure in the
previous studies [15], this study aimed to propose a Gated
CNN-based VC system with PPGs features for patients with
dysarthria and to compare the speech intelligibility performance

with CNN and BLSTM models in the dysarthric speech VC task.

The rest of the paper is organized as follows. A Gated
CNN-based VC will be introduced in section 2. 3.Experiments
and results are presented in sections 3. Finally, section 4
summarizes our findings.

2. Proposed System

The proposed system shown in Figure 1 included training and
converting phases. In the training phase, parallel dysarthric
speech (s;) and target speech (t;) were used to train the Gated
CNN model. The s; was processed by the unit of feature
extraction (PPGs) to PPGs features. More specifically, the
parameter extraction function was used to extract mel-cepstral
coefficients (MCEPs) [16], which were the input of the ASR
model to obtain the 74-dimension PPGs features (§j ). The
speaker dependent ASR (SD-ASR) system was used in this
study. Our SD-ASR system were trained with ten patients with
dysarthria and one normal speaker using Kaldi speech

recognition toolkit [17], in which 3160 utterances could be used.

Meanwhile, the target speech (t;) was processed by the feature
extraction unit to obtain the 80-dimension mel-spectrograms
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(T)). Finally, the §; and T; were used as the input and output of
the Gated CNN model to obtain the suitable parameters by
training procedure.

The Gated CNN structure is illustrated in Figure 1. The
input of our model is a sequence of PPGs that features S, ..., fj.
Compared with the convolution neural network (CNN)
structure, Gated CNN contains a gated linear unit (GLU), which
is presented as a(C;(hy_1) + b), where the C; represents the
convolution layer; hy_, represents the output of previous layer
and b is the learned bias parameter, respectively. The GLU
replaces the activation function (e.g., relu, sigmoid); hence, the
hidden layers hy, ..., hy are computed as:

hw(8;) = (Cun(5)) + bvn) ® a(Cen(S)) +ben) (1)

where Cyy ~ byy are the covolution layer and bias of N layer;
Cen ~ bgy are the convolution layer and bias of GLU unit in

Nt layer. The o is the sigmoid function and ) is the element-
wise product of the two matrixes. Moreover, the loss function
of our training stage was defined as:

N
1 o
L= ﬁz |75 -
=

wherein P is the predicted MCEPs of out model.

In the converting phase, the input PPGs feature (3'1) were
extracted from dysarthric speech through the unit of feature
extraction (PPGs), and was used as input for the conversion
model to convert to Tj, the obtained Gated CNN model in the
training phase was used. Next, the waveform reconstruction

=2

il
@



based on WaveRNN vocoder [18] was used to convert
waveform speech (f]f ) from TJ- to obtain the converted speech.

3. Experiments and results

3.1. Materials

The 576 (=288 utterances X 2 times) dysarthria-normal-paired
utterances were used as the training set in this study, with the
corpus list were adopted from Taiwan Mandarin hearing in
noise test [19]. The dysarthric and target utterances were
spoken by one male stroke patient and one normal male speaker,
respectively. In the testing phase, we recorded 32 duplicate
utterances and 32 outside utterances from the same stroke
patient during the test the performance of each model. The
duplicate utterances were the repetition of the sentence used in
the training set, and the outside utterances were unseen content
in the training set.

3.2. Procedure

This study aimed to evaluate the intelligibility benefits of the
proposed VC system with the Gated CNN model (Figure 1) for
patients with dysarthria. Meanwhile, two well-known models
(i.e., CNN and BLSTM) were used as a comparison. More
specifically, these two models were used to replace the Gated
CNN model in Figure 1 to compare the intelligibility
performance. In this experiment, we assessed the suitable
complexity of each model; hence, we added the layer number
to test the recognition rate by Google ASR system [20] and to
figure out the suitable setting of each model. The detailed
setting of each model in a layer is shown in Table 1, and the
optimizer of Nadam is used in this study. Next, the best setting
of each model (i.e., the converted speech achieved the highest
accuracy of Google ASR metric) was used to represent this
model for the listening test. Finally, we conducted the listening
test of word correct rate (WCR) [21] and used a mean opinion
score (MOS) method to test the speech naturalness. The
listening tests include five listeners. The WCR evaluation is
calculated by dividing the number of correctly identified words
by the total number of words in each test. Each listener listened
to 32 utterances (= 8 converted utterances x3 models + 8 source
dysarthric utterances) in outside test conditions. Meanwhile, the
subjective listening test in the five-scale MOS test (1-bad, 2-
poor, 3-fair, 4-good, S-excellent) was used to test the speech
naturalness between dysarthric and converted speeches.

3.3. Objective Evaluations of model performance

Tables 2 and 3 show the recognition rate of different layer
numbers of each model by the Google ASR system in the
duplicate test and the outside test conditions. From the results
of duplicate test condition in Table 2, we can see that the best
performance of CNN model is 82.5% accuracy rate at three
layers structure; BLSTM model’s best performance occurs at
three layers of 75.5% accuracy rate; Gated CNN has its best
performance at five and six layers reaches 85.9% accuracy rate.
From the results of the outside test in Table 3, the CNN model
has its highest accuracy rate of 68% at three layers; the BLSTM
model’s best performance is 65.7% at six layers, and Gated
CNN has its best performance of 76.1% at five layers. Figure 2
shows the results of the average Google ASR recognition
rate(i.e., duplicate and outside test conditions) on different
layers of each model. We can find out that Gated CNN model’s
best performance is 81% and it has 30 X 10° parameters.
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BLSTM’s best performance is 67%, and it has 85 X
106 parameters. CNN’s best performance is 75%, and it has
12 X 106 parameters. The results lead to several conclusions:
First, Gated CNN model performed the best among all of the
three models, which could improve the Google ASR
recognition rate from 17.1% to 81.0% in average results, it also
demonstrates that Gated CNN can process these PPGs features
better than the other two models. Second, the Gated CNN
structure is a more efficient structure than BLSTM. For instance,
consider the best performance models in average results, the
best performance Gated CNN has only about 35% numbers of
parameters compared to the best performance BLSTM model.
From the conclusions above, we could see Gated CNN as a
potential model for VC tasks to improve intelligibility
performance for patients with dysarthria.

Table 1: Details of network architectures of Gated CNN, CNN,
and BLSTM models in the proposed system.

Model Structure description
nt" layer =
Gated (3% 3,1024 conv) X n stacks,
CNN .
Strides =1
nt" layer =
CNN (3% 3,1024 conv, Relu) x n stacks,
Strides = 1
nt" layer =
74 Dense,
BLSTM (1024 BLSTM X (n — 2) stacks),
80 Dense

Table 2: Duplicate test of Google ASR accuracy in different
layers of each model, where lr means layers.

.. Gated

Original CNN BLSTM CNN

3Ir 82.5% 75.5% 85.6%

41r 76.2% 70.7% 83.1%
23.6%

S5Ir 77.8% 68.0% 85.9%

61Ir 74.5% 68.0% 85.9%

Table 3: The outside test of Google ASR accuracy in
different layers of each model, where lr means layers.

.. Gated

Original CNN BLSTM CNN

3Ir 68.0% 48.8% 69.6%

41r 67.3% 62.0% 72.2%
10.6%

S5Ir 67.1% 55.2% 76.1%

61Ir 64.5% 65.7% 72.7%
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Figure 2. The average recognition rate by Google ASR in
different layers of each model

3.4. Spectrograms analysis

The spectrogram is a well-known approach to analyze the
spectral, temporal representations of a time-varying signal [22].
The same context utterances from different models are shown
in Figure. 3. Noted, since the effect of the high-frequency part
is similar, we only present the spectrum chart of the low-
frequency area (i.e., 0 to 2k Hz) to compare the differences in
Figure 3. We could see that the three models have a similar
spectrogram as the target speech, which could imply that the
three models had converted source to target utterances
successfully. However, the Gated CNN spectrogram presents
more detailed and clear formants (the red circles) than the other
models. Hence, it implies that Gated CNN could provide better
speech quality for listeners.

(a.) Target

(b.) Source

Figure 3. The 80 dimensions spectrograms of the same context
utterance from different models.

Figures 4 and 5 are the average word correct rate (WCR)
and the five-scale average MOS opinion test. The Gated CNN
converted speech with an 87.8% accuracy rate, better than
BLSTM (58.8%) and CNN (77.5%). The five-scale MOS
comparison test shows that Gated CNN also has the best score
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0f3.92, better than BLSTM (2.6) and CNN (3.36). The listening
tests show consistent results as the Google ASR test, and the
Gated CNN still has the highest accuracy rate, and moreover, it
converted speech with better naturalness than the other two
models.

100%
87.75%

80% { 77.50% }

60% 58.75%
-~ (]
S
[
§ 40%

20%

6.25%

Source

0%

BLSTM
VC models
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Figure 4. Word correct rate (WCR) of average results from five
listeners

5

4 [ 3.92
3.36

3

MOS scale

BLSTM
VC models

GatedCNN

Figure 5. MOS comparison based on naturalness of different
models from five listeners.

4. Conclusions

This paper proposes a Gated CNN based VC system with PPGs
features to improve the speech intelligibility for patients with
dysarthria, with the WaveRNN vocoder used to synthesis
converted speech. The Google ASR evaluation metric showed
that, on average, the Gated CNN model in the proposed VC
system could improve the recognition rate from 17.1% to 81.0%
(average performance in duplicate and outside test conditions
in Figure 2). Meanwhile, the gated function of the Gated CNN
model can further improve the performance of the CNN model
in this study. Moreover, the number of parameters in the Gated
CNN (i.e., 5lr, the best recognition rate of Gated CNN in this
study) was roughly only 35% to that in BLSTM (i.e., 6lr, the
best recognition rate of BLSTM in this study). Therefore, the
cost of hardware implementation would be less than the
BLSTM model for users. These findings indicate that the Gated
CNN model can be a potential model for VC tasks to improve
intelligibility performance for patients with dysarthria.
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