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Abstract

Packet loss is one of the main reasons for speech quality
degradation in voice over internet phone (VOIP) calls. However,
the existing packet loss concealment (PLC) algorithms are hard
to generate high-quality speech signal while maintaining low
computational complexity. In this paper, a causal wave-to-wave
non-autoregressive lightweight PLC model (PLCNet) is
proposed, which can do real-time streaming process with low
latency. In addition, we introduce multiple multi-resolution
discriminators and semi-supervised training strategy to improve
the ability of the encoder part to extract global features while
enabling the decoder part to accurately reconstruct waveforms
where packets are lost. Contrary to autoregressive model,
PLCNet can guarantee the smoothness and continuity of the
speech phase before and after packet loss without any
smoothing operations. Experimental results show that PLCNet
achieves significant improvements in perceptual quality and
intelligibility over three classical PLC methods and three state-
of-the-art deep PLC methods. In the INTERSPEECH 2022 PLC
Challenge, our approach has ranked the 3rd place on PLCMOS
(3.829) and the 3rd place on the final score (0.798).

Index Terms: packet loss concealment, generative adversarial
network, semi-supervised, non-autoregressive, low complexity

1. Introduction

In VOIP communication, speech signal is transmitted as
packets over the network through encoding and compression
technology. However, due to the influence of the network
environment, some audio packets cannot be transmitted to the
receiver, resulting in short-term interruption of the speech
signal, which in turn affects the speech quality and
intelligibility during long-term calls. To solve the above
problems, the PLC algorithm came into being.

The traditional PLC solution is based on signal analysis [1-
2], which can be divided into two types: based on the sender
and based on the receiver. The former is to use the encoded
redundant information to recover the lost speech signal.
However, this method requires extra bandwidth. The latter is to
reconstruct the speech signal by using the decoding parameter
information before packet loss. The biggest advantage of the
traditional PLC method is that the calculation is simple and can
be processed online; the disadvantage is that it can only
effectively combat packet loss of about 40ms and cannot deal
with long-term continuous burst packet loss. Therefore, the
processing capability of the traditional PLC algorithms is very
limited.

In recent years, the research of deep learning in the field
of PLC has shown great potential due to the powerful
generative capability of deep neural network (DNNs). The
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existing deep PLC methods are to reconstruct the lost speech
signal at the receiver. The first is an offline non-causal
processing framework [3-7]. In addition to using historical
unmissed frames, it is also possible to use broader contextual
information including future frames. These methods are not
suitable for online applications.

The second is a causal processing framework that uses
historical unmissed frames for post-processing. B.K. Lee et al.
[8] are pioneers in using autoregressive model to solve the
packet loss problem. Since then, deep PLC algorithms based on
autoregressive models have been continuously proposed. Such
as convolutional recurrent network (CRN) [9-10], long-short
term memory network (LSTM) [11-12] and WaveRNN [13].
The common feature of these methods is to use the effective
information of previous frames to recursively inference the
current frame. However, the context leading up to the frame to
be predicted can contain many reconstructed frames instead of
original frames, creating a mismatch between training and
inference. When long-term continuous burst packet loss occurs,
the generated waveform will be greatly attenuated and the of
speech quality needs to be further improved. In addition, the
phase of the compensated speech signal and the real speech
signal is discontinuous. A smoothing operation is required,
which will damage the quality of the speech signal that is not
lost.

Contrary to autoregressive model, generative adversarial
network (GAN) based methods have been shown to be effective
in generating high-quality audio in a parallel manner [14]. Shi
et al. [15] conducted experiments in the time domain, using
convolutional neural network as generator and discriminator to
address packet loss and missing spectrum. Pascual et al. [16]
also proposed a GAN-based adversarial encoder network. The
input of the generator is the Mel spectrum and the output is the
time domain waveform. In addition, Wang et al. [17] utilized
U-Net and time-frequency discriminator for packet loss
compensation. However, they have high computational
complexity in terms of both the number of parameters and the
inference latency, making them difficult to use for real-time
processing.

To address the above issues, PLCNet is proposed. This
model was used to participate in the INTERSPEECH 2022 PLC
Challenge [18]. And this paper makes the following key
contributions:

e A streaming causal wave-to-wave non-autoregressive
generative adversarial network is proposed, which has
low latency and can maintain the continuity of the speech
phase before and after packet loss.

e To achieve superior audio quality while keeping low
computational complexity, multiple multi-resolution
discriminators are adopted.
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Figure 1: The architecture of PLCNet.

e To improve the ability of the encoder to extract global

features, a semi-supervised training strategy is introduced.

o Through the objective quality index evaluation, PLCNet
outperforms both traditional PLC algorithms and state-
of-the-art deep PLC algorithms. In the PLC Challenge,
our approach has ranked the 3rd place on the final score.

The remainder of this paper is organized as follows.
Section II describes the proposed PLCNet framework in detail.
Section III shows the experimental results and analysis. Then
draw conclusions in Section IV.

2. Method

In order to solve the problem that existing PLC methods are
difficult to generate high-quality speech while maintaining low
computational complexity in real-time scenarios. We proposed
PLCNet, which not only lightweight but also efficient. The
architecture of PLCNet is shown in Figure 1. Next, we will
introduce model architecture, training inference strategy and
loss function adopted in this paper in detail.

2.1. Model architecture

2.1.1. Generator

The generator of PLCNet is a symmetric encoder-decoder
structure with skip connections and residual units. The encoder
and decoder each have 4 sub-modules, each sub-module of the
encoder consists of 3 residual units and a down-sampling
module and each sub-module of the decoder consists of an up-
sampling module and 3 residual units. The residual unit
alternately uses 1-D dilated convolution with kernel size of 7
and 1-D convolution with kernel size of 1. The dilation rate is
gradually increased using (1,3, 9). The input is first transformed
by 1-D convolution with kernel size of 7, then the encoder maps
the 16khz waveform to the 50hz representation through down-
sampling block of (2,4,5,8) in the form of a stride convolution.
The decoder uses the transposed convolution method to up-
sampling in reverse order, restores the features to the same
dimension as the speech. The number of channels is doubled
when down-sampling and halved when up-sampling. The
middle bottleneck layer acts as a bridge between encoder and
decoder and consists of 3 1-D convolutions with kernel size of
7. A skip-connection is used between the corresponding layers
of the encoder and decoder to allow information such as phase
or alignment to pass through. We use the ELU activation
function [19] and weight normalization in the generator to
guarantee the stability of adversarial training. Finally, the
output of the decoder is a mono signal, with tanh limiting the
output range to [—1,1]. To be able to process real-time audio
streams on low-power mobile devices, all our convolutions are
causal.
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2.1.2. Discriminator

To jointly optimize the waveform-domain adversarial loss, we
employ multi-period discriminator (MPD) [20-21] and multi-
scale discriminator (MSD) [20-21] to identify speech signal
from two different perspectives. The MSD method is derived
from the MelGAN vocoder. Through the average pooling
operation, the length of the speech sequence is halved
successively. Then the convolution operation is performed on
the speech signals of different scales. Finally, it is flattened and
output. The MPD method folds the single-channel audio
sequence into a two-channel audio with different fixed-lengths
called period, and then apply 2-D convolution on the folded
data. The disadvantage of this approach is the folded data on
each channel is mixed with artifacts of different frequencies. In
order to make up for this defect, we proposed multi-length
discriminator (MLD), to improve ability of discriminating
synthetic or real audio as much as possible. Firstly, the single-
channel audio is folded into multi-channel audio by wavelet
transform [20]. Then apply 1-D dilated convolution as in [22].
In this way, each channel in the folded data contains few or no
artifacts of other frequencies, ensuring the stability and
accuracy of the discrimination.

2.2. Training strategy

The flowchart of the training stage is shown in Figure 2. In
addition to audio samples of the current frame, a binary flag
mask is added to the input as one of the channels to indicate
whether the current silence frame is real or corresponds to lost
packets. On the one hand, we use generator G and discriminator
D for adversarial training. The D is trained to classify ground
truth samples to 1 and the samples synthesized from G to 0. The
G is trained to fake the D by updating the sample quality to be
classified to a value almost equal to 1; On the other hand, we
employ mean teacher [23] to perform semi-supervised training
on the encoder part of G to further improve its ability to extract
global features. The core idea of mean teacher is that the
encoder part acts as both student and teacher. First, the teacher
model is used to encode the unmasked training samples to
generate the learning target of the student model. Second, the
student model to encode the masked training samples and to
predict the complete data representation. The weight of the
teacher model w; is exponential moving average (EMA) of the
weight of the student model w, at time-step ¢, calculated as:

wi= oy, +(1-a)w, (1

Set EMA decay 0=0.99 during ramp-up phase and
0=0.999 in later training. Since the student model is random at
the beginning, the teacher model needs to forget the previous
incorrect student weights. When good parameters have been

learned, the student model improves slowly and the teacher



model has a longer memory the better. We use the Adam
optimizer [24] for training with a batch size of 128 and a
constant learning rate of 0.0003. We trained on 8 NVIDIA Tesla
V100 GPUs for 300k iterations. We use the last checkpoint of
each training run to evaluate the results.

2.3. Parallel inference strategy

The flowchart of the inference stage is shown in Figure 2. Since
the PLCNet is a causal structure and the required information
for the current frame is available, it can do real-time streaming
inference by preserving the past intermediate data into rolling
buffer. The inference process can be summarized as follows.
Firstly, it is necessary to judge whether the current frame is lost
or not. If there is no lost, set the binary flag mask =0 and the
model outputs as it is; If there is lost, the value of the samples
is set to 0 and mask =1 to tell the model that there is signal
needs to be reconstructed. The model looks at the available past
information through its receptive field to reconstruct the packet
loss. The prediction of all future samples is performed in
parallel and any past packet loss will not be predicted for the
inference of the next frame. Instead, the network has to learn to
reconstruct using only the packets that have not been lost in the
past, which also forces it to have a stronger ability to reconstruct
against successive packet losses. Moreover, PLCNet can
guarantee the smoothness and continuity of the speech phase
before and after packet loss without any smoothing operations.

2.4. Loss function

For the generator G and discriminator D, the training objectives
follow LSGAN [25], which replace the binary cross-entropy
terms of the original GAN objectives with least squares loss
functions for non-vanishing gradient flows. GAN losses for G
and D are defined as:

Luavpy=E o [(DG)-1) +(D(G(5))] @)
Laa)=Es[(D(G(s))-1)’] 3)

where x denotes the ground truth audio and s is a lossy one. In
addition, we add multi-resolution STFT loss [21], which can
effectively capture the time-frequency distribution of the real
waveform, defined as:

1 -
Ls[ft=E(x,s)[EZ§=1 L;c(x’s)+erag(x’s)] (4)

where Ly and L,,,,denote spectral convergence and log STFT
magnitude loss, respectively. For different R spectral
resolutions, which are obtained with the same STFT
configurations as in [21]. The third is the time domain loss,
which calculates the L1 distance between the real waveform
and the generated waveform, defined as:

Ltime=E(x,s)[|x'G(s)|] (5)

The fourth is the consistency loss, which calculates the L2
distance between the output of the 4 encoder blocks of the
teacher model and the output of the 4 encoder blocks of the
student model, calculated as:

Leon=Equo[0,@0(5))] (6)
where y (x) represents the teacher model prediction at time-step
t, f(s) represents the student model prediction at time-step 7.
Our final objectives for the generator and discriminator are:

0
®)

Lp= Luavp)
LG =Ladv( G) + j'Sljfz‘Lstft +j'timeLtime +/100nLcon
where Ay5=1, A4jn=100 and .,,=1000.
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Figure 2: The flowchart of training and inference stage.

3. Experiments

3.1. Dataset

We conduct experiments on the VCTK corpus [26], which
contains dozens of hours of neutral utterances from 109
speakers. First, we preprocess the corpus with a voice activity
detector, filter out silences longer than 100ms at the beginning
and end of the file, and resample it to 16 kHz. Second, we divide
the corpus into training, validation and test subsets of
hierarchical speaker identities, so they contain 100, 4 and 5
speakers, respectively. For PLC tasks, it is essential to simulate
realistic scenarios of packet loss. A packet in the experiments
contained a 20ms speech frame and the lost packets were
simulated using opus codec demo which is available at
https://github.com/xiph/opus. The packet loss rate range of
training data is set to 10%-40% and the maximum continuous
packet loss length is 120ms. Each speech sequence is randomly
selected. Similarly, the test subset also has 5 different packet
loss rates of 10%, 20%, 30% and 40%.

3.2. Baseline

We compare PLCNet with 3 classical PLC methods and 3 state-
of-the-art deep PLC methods to illustrate the superiority. First,
a zero-filled PLC method be used to establish a lower bound for
the reconstruction method. Second, we use the opus’s PLC [27]
WebRTC's PLC [28] and evs’s PLC [29]as classical PLC
methods baseline. Third, we consider 3 state-of-the-art models
in the deep PLC field, which are the mel-to-wave non-
autoregressive adversarial auto-encoding network (PLAAE)
[16], the wave-to-wave autoregressive convolutional recurrent
network (CRN) [11] and wave-to-wave autoregressive time-
frequency generative adversarial network (TFGAN) [17]. We
performed experiments as described in the paper under the
VCTK dataset, all models are causally implemented and trained
for 300k steps until convergence on the validation set.

3.3. Evaluation metrics

To evaluate the effect of different PLC methods, we employ 2
objective measures, which are Perceptual Evaluation of Speech
Quality (PESQ) [30] and Short Time Objective Intelligibility
(STOI) [31]. PESQ scores range is -0.5-4.5, STOI score ranges
is 0-1, with larger values indicating higher intelligibility and
better quality of speech. In addition, the INTERSPEECH 2022
PLC Challenge also provides PLC-MOS neural network model
that estimates of human ratings of audio files with healed packet
losses [18]. The official ranking is based on the score which
reflects both Crowd-Sourced Mean Opinion Score and Word
Accuracy [32].



3.4. Results and analysis

3.4.1. Ablation experiments

We investigate the effectiveness of the proposed discriminator
and mean teacher semi-supervised schemes. The experimental
results under different packet loss rates are shown in Table 1.
First, only the generator G is called G in Table 1; second, the
generator G and the discriminator D are called G+D in Table 1;
third, the generator G and the mean teacher semi-supervised are
called G+semi-supervised in Table 1. It can be clearly seen
from the table that the introduction of the discriminator D
increases the average of PESQ by 0.26 dB and the average of
STOI by 7.59% and enables the generator to generate near-real
samples. In addition, the introduction of mean teacher semi-
supervised scheme improves the average of PESQ by 0.23 dB
and the average of STOI by 6.33%. Since update method of
EMA for the teacher model, the weights improve the output of
all layers on average, not just the output of the top layer, the
target model has a better intermediate representation. That is,
the quality of the generated speech can be improved without
increasing the generation network model.

3.4.2. Comparison with Existing Baselines

The evaluation results of the proposed PLCNet and baseline
systems are presented in figure 3, where (a) and (b) represent
the average of PESQ and the average of STOI under different
packet loss rates, respectively. The horizontal axis represents
different algorithms, and the vertical axis represents the scores.
It can be clearly seen from the figure 3 that the proposed
PLCNet is optimal under these two objective evaluation
indicators. Compared with the best-performing evs’s PLC in
classical baseline system, PLCNet has an increase of 0.34db in
PESQ and 11.54% in STOI Compared with the best-
performing PLAAE in the baseline system, PLCNet improves
PESQ by 0.19db and STOI by 3.57%.

Moreover, Table 2 presents the trainable parameters and
the number of multiply accumulate operations (MACs) per
second of all of the DNNs-based competing methods. One can
see that the proposed PLCNet can maintain generate high-
quality speech signal while having many fewer parameters and
a lower computational complexity. Furthermore, the PLCNet
takes 1.5ms to infer a frame of 20ms speech signal on an Intel
Core i5 quad-core machine clocked at 2.4 GHz.

23 223 1

2.04 0.87
1.97 0.84
0.77 078 0.77 081

| IIII

s CRN TFGAN PLAAE PLCNet

1.89 191

evs CRN TFGAN PLAAE PLCNet

0.75

170 177

.5

o
n

(a) PESQ

Figure 3: The histogram of PESQ and STOI for
different methods.

0

zero_filled neteq  opus

(b) STOI

Table 2: The comparison in terms of trainable parameters
(1 06) and multiply accumulate operations (1 0’ ) of models.

Methods CRN PLAAE TFGAN PLCNet
#Params(M) 17.5 53 1.85 0.59
MACs(G/s)  1.06 0.83 0.71 0.34

3.4.3. INTERSPEECH 2022 PLC Challenge

We participated in the INTERSPEECH 2022 PLC Challenge
using the PLCNet. The officially released results on the blind
test set in Table 3 show that PLCNet significantly outperforms
the challenge baseline with absolute 0.915 PLCMOS gain and
0.073 final score gain. Our method ranked the 3rd place in
PLCMOS and the 3rd place in final score.

4. Conclusions

This paper proposes a casual wav-to-wav semi-supervised
lightweight generative adversarial network --PLCNet, which
learns to reconstruct lost speech signals through an encoding-
decoding process. Objective metrics show that PLCNet
consistently outperforms other baseline models under different
packet loss rates. In other words, the proposed method is not
only lightweight but also efficient. In the INTERSPEECH 2022
PLC Challenge, our approach has ranked the 3rd place on the
final score. In future work, we will try to introduce an adaptive
attention mechanism into the model to further improve the
ability to resist continuous packet loss.

Table 1: The results of ablation experiments on PESQ and STOI under different packet loss rates.

Metrics PESQ STOI
Methods 10% 20% 30% 40%  Ave | 10% 20% 30% 40%  Ave
Zero-filled 2.13 1.04 0.89 0.81 1.22 | 0.86 0.81 0.73 0.61 0.75
G 2.74 2.08 1.35 1.17 1.84 | 092 0.84 0.74 0.64 0.79
G+D 2.83 2.32 1.76 1.47 2.10 | 0.96 0.89 0.82 0.76 0.85
G+semi-supervised 2.79 243 1.73 1.32 2.07 | 0.94 0.91 0.80 0.74 0.84
PLCNet (Ours) 3.12 2.60 2.04 1.71 237 | 0.98 0.93 0.87 0.80 0.87

Table 3: The results of subjective ratings in terms of MOS and Word accuracy for the blind test set of the PLC Challenge.

Methods PLCMOS DNSMOS CMOS Word accuracy  Final score
Zero-filled baseline [18] 2.904 3.444 -1.231 0.853 0.721
PLCNet (Ours) 3.829 3.684 -0.812 0.859 0.794
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