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Abstract—In this paper, we propose a low-latency speech
enhancement technique for electrolaryngeal (EL) speech based
on multi-task CLDNN. Although the EL speech can generate
relatively intelligible speech, laryngectomees always suffer quality
degradation of speech naturalness due to the mechanical excita-
tion signals. To solve this problem, an EL speech enhancement
technique based on CLDNN consisting of convolution, recurrent,
and fully connected layers has been proposed. In this technique,
an input feature vector of the EL speech is converted into several
vocoder parameters such as excitation parameters and spectral
parameters based on expert CLDNNs optimized for each feature.
However, it is difficult to utilize speech communication because
its bi-directional recurrent layers cause a large delay to wait for
the end of the utterance. To address this issue, in this paper,
we propose multi-task CLDNN with uni-directional recurrent
layers for the low-latency EL speech enhancement. Moreover, to
achieve comparable performance to the bi-directional CLDNN,
we also propose the following techniques: 1) knowledge distil-
lation, 2) data augmentation, and 3) phonetic regularization.
The experimental results demonstrate that the proposed method
makes it possible to achieve comparable objective results to the
bi-directional CLDNN and outperform naturalness and speech
intelligibility in the noisy condition.

Index Terms—electrolaryngeal speech, low-latency speech en-
hancement, voice conversion, deep neural network

I. INTRODUCTION

A laryngectomy is a surgery to remove the larynx including
the vocal folds to treat laryngeal cancer, making a person lose
the ability to produce source excitation sounds. To produce
speech signals without using vocal fold vibrations, an electro-
larynx (EL) is widely used by laryngectomees. Although the
produced speech called electrolaryngeal speech (EL speech)
is relatively intelligible [1], there are the following problems:
1) radiation of the intensive noise by the EL and 2) unnatural
acoustic characteristic of the source excitation. Consequently,
EL speech sounds mechanical and artificial compared with
natural speech.

To address these issues, two approaches have been pro-
posed. One approach is based on noise suppression [2] and the
other is based on statistical voice conversion (VC) [3], [4]. The
noise suppression approach [5]–[8] focuses on reducing the
noise components leaked from the excitation signals. Although
these techniques are effective for reducing the noise compo-
nents, the enhanced EL speech suffers from musical noise
caused by the processing of noise suppression. Moreover, the

improvements of EL speech yielded by this approach are
limited because most of the acoustic characteristics are not
changed. On the other hand, the VC-based approach directly
modifies these acoustic characteristics of EL speech [9], [10].
In this technique, acoustic features extracted from EL speech
are converted into those of target natural speech based on
the Gaussian mixture model (GMM). As a result, the voice
generated by the converted acoustic features has relatively
higher naturalness compared to EL speech. Moreover, by
incorporating a low-latency conversion algorithm [11] for
maximum likelihood parameter generation based on the GMM,
it achieves not only utterance-by-utterance-based conversion
but also real-time conversion.

Recently, statistical VC techniques have been significantly
improved [12]–[19]. Several techniques incorporating these
VC methods have been applied to the speech enhancement for
the laryngectomees [20], [21]. In these techniques, it consists
of bi-directional recurrent layers for estimating vocoder pa-
rameters such as F0, unvoiced/voiced decision symbol, aperi-
odicity, and spectral feature. However, it is difficult to directly
utilize these techniques for speech communication as long as
using the bi-directional recurrent layers, because they require
a whole utterance to consider not only forward state sequence
but also backward state sequence, causing a long delay after
starting to speak. Moreover, these techniques require large
computational costs because they separately trained single-task
conversion models for each acoustic feature.

In this paper, in order to implement a low-latency speech
enhancement system for EL speech, we propose multi-task
CLDNN [22] consisting of convolutional, uni-directional re-
current, and fully connected layers. By using uni-directional
recurrent layers, it is not necessary to wait for the end of
the utterance. And, the multi-task model makes it possible to
reduce the computational costs drastically because it generates
several vocoder parameters at once. As a result, the proposed
method is capable of converting the input feature vectors
frame-by-frame, making it possible to implement low-latency
speech enhancement. Furthermore, in speech communication,
the low-latency speech enhancement system needs to be used
in clean conditions as well as noisy conditions which usu-
ally makes significant quality degradation of the converted
voice. In order to make the proposed method more robust in
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any sound environment conditions, we also propose several
techniques such as knowledge distillation [23] based on born-
again network [24], data augmentation by noise injection
and SpecAugment [25], and phonetic regularization based on
phonetic posteriorgrams.

II. CONVENTIONAL EL SPEECH ENHANCEMENT BASED ON
CLDNN

CLDNN consists of convolutional layers, recurrent layers,
and fully connected (FC) layers with two skipped connec-
tions. For the inputs of the first convolutional layer, a one-
dimensional feature vector at frame t is transformed into a two-
dimensional feature matrix by concatenating several preceding
and succeeding frames to capture contextual information. To
add the original input feature vector at frame t through a
skipped connection, dimension reduction is performed using a
linear layer with outputs from the convolutional layers. Then,
the resulting outputs are fed into the recurrent layers. For the
recurrent layers, bi-directional gated recurrent units (Bi-GRU)
are used to reduce the number of parameters from that in the
original implementation of the long-short time memory. The
outputs of the Bi-GRU layers are concatenated into those of
the convolutional layers. Finally, the resulting outputs are fed
into the FC layers to be transformed into the output feature
vector.

In the training process, three single-task CLDNNs are
trained separately. The segmental features such as mel-
cepstrum and aperiodicities, are modeled by an expert CLDNN
by concatenating these acoustic features. For the prosodic fea-
tures, continuous F0 and unvoiced/voiced (U/V) symbols are
modeled separately. In the conversion process, mel-cepstrum
extracted from EL speech is converted into U/V symbols, a
continuous F0, the mel-cepstrum, and aperiodicities based on
these CLDNNs. For F0, the estimated continuous F0 sequence
is masked using the estimated U/V symbols. Finally, the
enhanced speech is generated by source-filter vocoder using
these acoustic features.

In the conventional speech enhancement based on the
CLDNN, there are two problems to implement a low-latency
speech enhancement system. First, it requires to perform infer-
ence three times to generate vocoder parameters because those
features, such as F0, U/V, and segmental feature, are modeled
by three single-task CLDNNs. Second, the Bi-GRU layers
require to wait till the end of an utterance in order to utilize
the backward state sequence. Therefore, the conventional EL
speech enhancement based on the CLDNNs only accepts
utterance-by-utterance conversion.

III. EL SPEECH ENHANCEMENT BASED ON MULTI-TASK
CLDNN

Figure 1 indicates a training overview of the proposed EL
speech enhancement. In the proposed method, in order to
solve the problems of the conventional single-task CLDNNs
(ST-CLDNN) with Bi-GRU, we modify it into multi-task
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Fig. 1. Training overview of the multi-task CLDNN.

CLDNN (MT-CLDNN) with uni-directional GRU (Uni-GRU).
The objective function of the MT-CLDNN follows:

Lobj = Lseg + !pro (Lf0 + Luv) , (1)

where Lseg and Lf0 are loss functions of the mean squared
error for the segmental features and continuous F0, respec-
tively. Luv is loss function of binary cross-entropy for the
U/V decision symbol. !pro indicates a hyper-parameter to
balance the optimization between the segmental features and
the other prosodic features. In the conversion process, all
vocoder parameters are simultaneously estimated based on the
MT-CLDNN using the spectral feature of the EL speech.

A. Born-again network
Born-again network (BAN) [24] is a knowledge distillation

technique to train a multi-task model by using several pre-
trained single-task models based on teacher-student learning.
In the end-to-end automatic speech recognition (ASR), the
knowledge distillation technique from bi-directional recurrent
layer into uni-directional recurrent layer to achieve online
ASR [26]. In this paper, inspired by these researches, we
propose a knowledge distillation technique of MT-CLDNN
with Uni-GRU using pre-trained ST-CLDNNs with Bi-GRU
for the low-latency speech enhancement. The loss function
follows:

Lobjban = !banLban + (1! !ban)Lobj , (2)

where Lban indicates the loss function between outputs of
the ST-CLDNN and outputs of the MT-CLDNN. The hyper-
parameter !ban decays to control the balance between teacher-
student learning and training using ground truth.

B. Data augmentation
For the low-latency EL speech enhancement, it is impor-

tant that the system works in not only clean conditions but
also noisy conditions. In this paper, in order to make the
proposed method more robust in any sound environment, we
apply two kinds of data augmentation techniques. The one
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is data augmentation based on noise injection and the other
is data augmentation based on SpecAugment [25]. For the
noise injection, we simply impose several kinds of noises
into the input EL speech. For the SpecAugment, the input
feature vector is masked based on randomly selected frame
and dimension lengths in each time and dimension axis.

C. Regularization by phonetic posteriorgrams
It is reported that phonetic features such as phonetic posteri-

orgrams (PPG) and bottleneck features of the ASR system are
effective as the source feature vector for the statistical VC [15],
[27]. However, it is difficult to directly apply the phonetic
feature vectors to the low-latency speech enhancement system
because the extraction of those features usually requires the
ASR system, increasing computational cost, and delay. To
address this issue, we propose a regularization technique of
the network parameters by the PPG vector. It is considered
that the convolutional layers mainly undertake contextual
feature extraction from input feature vector sequences in the
CLDNN-based speech enhancement. By regularizing these
convolutional layers, it is expected that the outputs of the
convolutional layers become similar to the phonetic features.

The hidden outputs of the convolutional layers are trans-
formed into the PPG vector based on a single fully-connected
layer. The objective function of the PPG regularization is
calculated as follows:

Lobjppg = Lobj + !ppgLppg, (3)

where Lppg indicates the loss function of Kullback-Leibler
divergence calculated using outputs of the FC layer and the
PPG vectors extracted from target natural speech by the ASR
system.

IV. EXPERIMENTAL EVALUATION

A. Experimental conditions
We used 120 Japanese sentences. One electrolarygectmee

and one healthy male Japanese speaker uttered EL and normal
speech, respectively. Because it is important to implement
EL speech enhancement with small amount of training data
for reducing the burden of EL speech recordings, we set the
number of training and development utterances to 54 and 6,
respectively. The frame and frameshift sizes were set to 25 ms
and 5 ms, respectively. The other 60 utterances were used for
the evaluation. For the inputs of the first convolutional layer,
one-dimensional feature vectors were extended by concate-
nating 7 preceding and 3 succeeding feature vectors to obtain
11 " 25 two-dimensional feature matrices. Two-dimensional
convolutions of 3 " 3 kernels were performed. Then, average
pooling was applied after passing through batch normalization
and activation function based on the rectified linear unit. We
stacked two convolutional layers with 1 and 3 dilations for
the time axis, respectively. The number of output channels for
the first layer was 32 and that for the second layer was 64. In
the RNN layers, the number of hidden layers was set to 2 for
the Uni-GRU and 1 for the Bi-GRU to be the same parameter
size, respectively. The number of hidden units was set to 256.

The hyper-parameters !pro and !ppg were set to 0.1 and 10,
respectively. !ban was gradually varied from 1 to 0 by linear
decay over epochs. We used stochastic gradient descent as the
optimizer. The learning rate was set to 0.2. The number of
epochs was set to 100. The other settings followed in [20].

For SpecAugment, we set sizes of the time and dimensional
masks to 1 through 100 and 1 through 5, respectively. The
mask size was randomly selected from these values based
on the uniform distribution in each minibatch. For the noise
injection (Noise), we prepared three kinds of environmental
noises recorded in a dining room, a laboratory, and a meeting
room. These noises were imposed on the training EL speech
with 15, 20, and 25 dB signal-to-noise ratios. The clean EL
and noise augmented EL speeches were randomly selected
with an equivalent probability in each minibatch. For the PPG
regularization, we used 166 dimensional PPG vector extracted
by our internal implementation of the CLDNN [22] using “csj”
recipe in Kaldi toolkit [28]. We did not use any context label
for the PPG vector extraction.

For the evaluation, we imposed a crowd noise “N1” in [29]
to the evaluation utterances with 12 dB signal-to-noise ratio.
We denoted MT-CLDNN with Uni-GRU as “Uni” and MT-
CLDNN with Bi-GRU as “Bi” and MT-CLDNN with Uni-
GRU, SpecAugment, Noise, and PPG as “Uni + Mix”.

B. Conversion latency of the proposed MT-CLDNN

Conversion latency indicates a time gap between input
EL speech and output enhanced speech. In the proposed
MT-CLDNN, several modules such as feature extraction,
convolutional layer, waveform generation by vocoder cause
algorithmic delays. For the feature extraction, to estimate the
frequency spectrum of the input EL speech before parameteriz-
ing to mel-cepstrum, it requires to wait half of the frame size to
store waveform samples for windowing. For the convolutional
layer, we confirmed that a larger number of the succeeding
frames contributes to conversion accuracy improvements in
our internal evaluations. To balance the conversion accuracy
and delay, we set the number of succeeding frames to 3 and
it causes delays for three frames. For the vocoding process, in
order to interpolate mel-cepstrums between current and next
frames to perform MLSA filter [30], it causes a delay for
one frame. Based on these algorithmic delays, the resulting
delay of the proposed low-latency MT-CLDNN becomes 32.5
ms (12.5 ms for feature extraction, 15 ms for convolutional
layer, and 5 ms for vocoder). Note that all processes from the
feature extraction through waveform generation in each frame
must be finished within 5 ms because the frameshift size was
set to 5 ms. We ignored the latency for audio input/output in
this calculation.

C. Objective evaluations

As objective evaluations, we compared objective mea-
sures of the converted acoustic features based on the root
mean square error (RMSE), correlation coefficients, and mel-
cepstrum distortion (Mel-CD).
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TABLE I
OBJECTIVE RESULTS OF CLEAN INPUT.

Method Mel-CD [dB] F0 correlation Log F0 RMSE Aperiodicity RMSE
Uni 6.06 0.72 0.16 2.85
Uni + BAN 6.39 0.69 0.16 2.99
Uni + Noise 6.04 0.71 0.16 2.83
Uni + SpecAugment 6.05 0.70 0.16 2.86
Uni + PPG 5.96 0.77 0.14 2.76
Uni + Mix 5.92 0.76 0.15 2.76
Bi 5.91 0.78 0.14 2.76
Bi + Noise 6.00 0.79 0.14 2.87
Bi + SpecAugment 6.00 0.78 0.14 2.82
Bi + PPG 5.92 0.81 0.13 2.77
Bi + Mix 5.83 0.81 0.13 2.72

TABLE II
OBJECTIVE RESULTS OF NOISY INPUT.

Method Mel-CD [dB] F0 correlation Log F0 RMSE Aperiodicity RMSE
Uni 13.66 0.68 0.18 3.60
Uni + Mix 7.47 0.71 0.16 3.00
Bi 13.74 0.66 0.19 3.97
Bi + Mix 7.67 0.79 0.14 3.01
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Fig. 2. Spectrograms of several converted voices. (a) EL speech, (b) normal
speech, (c) converted voice by “Uni + Mix”, and (d) converted voice by “Bi
+ Mix”.

Table I indicates the results of several objective measures in
clean condition. We can see that there are little improvements
in BAN, Noise, and SpecAugment. On the other hand, by
using PPG regularization, we can see that there are large
improvements in all objective measures in both uni-directional
and bi-directional models. Moreover, by combining the PPG
regularization with Noise and SpecAugment, it achieves fur-
ther improvements in terms of Mel-CD in the uni-directional
model and the performances of the “Uni + PPG” and “Uni
+ Mix” methods are comparable to that of “Bi”. Table II
indicates the results of several objective measures in noisy
conditions. We can see that the “Uni + Mix” method outper-
forms “Uni” and “Bi”.

Figure 2 indicates spectrograms of the several converted
voices. You can see that the harmonics components of EL are
fixed over utterances. On the other hand, the harmonics com-
ponents of the proposed EL speech enhancement techniques
vary gently similar to those of the normal speech.

D. Subjective evaluations
For the subjective evaluations, two preference tests were

conducted. The number of subjects was 9. In the first test,
the naturalness of the enhanced EL speech was evaluated
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Fig. 3. Results for naturalness.
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Fig. 4. Results for perceptual speech intelligibility.

using a mean opinion score (MOS). The enhanced speech
samples were presented to subjects in random order. The
subjects rated the naturalness of the presented speech using
a five-point scale with “5” for excellent, “4” for good, “3”
for fair, “2” for poor, and “1” for very poor. The number of
sentences used in the evaluation for each subject was 114.
In the second test, the perceptual speech intelligibility was
evaluated in the same manner as the naturalness to measure
easiness for speech content recognition. In this evaluation,
we only evaluated “Uni”, “Bi”, and “Uni + Mix” in order
to reduce the burden of the subjects.

Figure 3 shows the experimental results for the naturalness
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of the enhanced speech. In the clean condition, we can see that
there is no significant difference between all methods. On the
other hand, in the noisy condition, the “Uni + Mix” method
makes it possible to improve the naturalness. Figure 4 shows
the experimental results for the perceptual speech intelligibility
of the enhanced speech. In the clean condition, all methods
are almost comparable to each other. On the other hand, the
“Uni + Mix” method yields better performance compared to
the others in the noisy condition.

From these results, it can be said that the “Uni + Mix”
method yields better performance in the noisy condition while
retaining the same parameter size compared to “Uni” though
there are no improvements of the subjective result in the clean
condition. It is assumed that it is still difficult to produce
natural prosodic features due to less modeling capability of the
uni-directional recurrent layer though the objective measures
are improved.

V. CONCLUSION

In this paper, we have proposed a low-latency speech
enhancement technique for electrolaryngeal (EL) speech based
on multi-task CLDNN consisting of convolutional, uni-
directional recurrent, and fully connected layers. Moreover,
to improve the performance of uni-directional modeling, we
proposed several techniques such as knowledge distillation,
data augmentation, and phonetic regularization. The results of
objective and subjective evaluations have demonstrated that
the proposed method makes it possible to achieve compara-
ble performance even using uni-directional modeling in the
clean condition. Moreover, the proposed method yields better
naturalness and perceptual speech intelligibility in the noisy
condition. In future work, we are planning to incorporate
neural vocoders into the low-latency speech enhancement for
the EL speech.
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