Interspeech 2022
18-22 September 2022, Incheon, Korea

End-to-End Multi-Loss Training for Low Delay Packet Loss Concealment

Nan Li, Xiguang Zheng, Chen Zhang, Liang Guo, Bing Yu

Kuaishou Technology Co. Beijing, China

linan0O6@kuaishou.com

Abstract

Real-time teleconferencing has become one of the essential
parts in our daily life. While packet loss during real-time data
transmission is unavoidable, traditional signal processing based
Packet Loss Concealment (PLC) techniques have been devel-
oped in recent decades. In recent years, deep learning based ap-
proaches have also proposed and achieved state-of-the-art PLC
performance. This work presents a low-delay multi-loss based
neural PLC system. The multi-loss is consisted by a signal loss,
a perceptual loss and an ASR loss ensuring good speech quality
and automatic speech recognition compatibility. The proposed
system was ranked 1°¢ place in INTERSPEECH 2022’s Audio
Deep Packet Loss Concealment Challenge.

Index Terms: packet loss concealment, deep neural network,
wave-U-Net

1. Introduction

Over the past few decades, real-time communication over inter-
net has become one of the essential part of our daily life. While
packet loss is unavoidable for practical applications, traditional
interpolation [1] and Hidden Markov Model (HMM) [2] based
approaches have been employed in contemporary speech codecs
such as opus [3] and amr-wb [4]. These traditional methods can
in general work well for moderate packet loss conditions, but
the speech quality degrades drastically for high and burst packet
loss scenarios [5].

In recent years, methods based on deep neural network
(DNN) has outperformed the tradition methods and become the
mainstream for various speech applications such as Speech En-
hancement (SE) [6], Acoustic Echo Cancellation (AEC) [7].
DNN based Packet Loss Concealment (PLC) approach is less
studied but promising [8]. The delay-insensitive audio conceal-
ment techniques [9, 10] (also referred as audio inpainting) trade
latency with quality. It requires seconds of history and future
audio frames to recover the current missing audio frame. This
work focuses on the low-delay PLC task that can only look tens
of milliseconds future frames.

Most of the early low-delay deep PLC approaches are oper-
ating in the Time-Frequency (T-F) domain. [5] employs stacked
fully connected layers with 20ms windowed time-frequency
log-spectra and phase features and trains the DNN with the
MSE losses. While improved Automatic Speech Recognition
(ASR) accuracy and speech quality compared to the traditional
HMM based methods is demonstrated, it is harder for the time-
frequency domain based deep PLC system to accurately pre-
dict the phase information comparing to the NS and AEC tasks
where the phase of the noisy and echoic input signal is available
for the NS and AEC tasks to estimate the phase of the target
speech.

More recently, time domain based end-to-end methods are
proposed to overcome such limitation [11]. In [12], a Long
Short-Term Memory (LSTM) based Recurrent Neural Network
(RNN) is proposed with a 10ms frame length. System proposed
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in [11] extends the model structure by including the Convo-
lutional neural network (CNN) layers on top of the RNN lay-
ers and achieved better performance. The effect of lookahead
mechanism up to two 20ms frames is also investigated demon-
strating the trade-off between system latency and speech qual-
ity. In one of the most recent works [13], a Generative Ad-
versarial Network (GAN) is proposed that incorporates the di-
lated residual convolution into the encoder-decoder architecture
alongside with a multi-resolution time-frequency domain and a
time-domain discriminator.

In this work, an end-to-end system is proposed for low-
delay PLC task. Compared to [13], the proposed system
is also based on the time domain GAN structure except the
SEANet[14, 15] is employed for the encoder-decoder structure
in the generator with multi-loss to simultaneously ensure good
speech quality and ASR compatibility. While employing the
multi-loss consisted by a signal loss, a wav2vec [16] based per-
ceptual loss and an ASR loss during the model training stage
can provide a good balance between the speech quality and the
Word Error Rate (WER) for the SE [17] and AEC [18] tasks,
here, an extended version of the multi-loss is proposed as the
generator loss. Compared to the single resolution signal losses
in [17, 18], the signal loss in this work is formed by a multi-
resolution STFT loss [19] and a new Multi-Resolution Optimal
Scale-Invariant Signal-to-Noise Ratio (MR-O-SISNR) loss ex-
tended from [20]. The ASR loss is formed by an ASR fea-
ture embedding loss obtained using the encoder portion of the
WeNet system [21]. Comparing to the existing time-domain
methods [12, 11], the proposed system exploits the flexibil-
ity of the time-domain processing by predicting a 1ms non-
overlapping frame (16 samples for 16kHz sample rate) each
time using 18ms of lookahead samples and 1ms stride resulting
in total of 20ms system delay, which simultaneously ensures
minimum system delay whilst maintaining good speech quality.

The proposed system has also participated the INTER-
SPEECH 2022 Audio Deep Packet Loss Concealment Chal-
lenge [8]. With in total of 20ms system latency, 2.36M model
parameters, 0.27 real-time factor on Intel Core i5 (2.4GHz)
CPU, the proposed method is ranked 1st place in this challenge.

2. Signal Model

For an input speech stream s(¢), it can be divided into chucks
of frames where each frame contains L time-domain samples.
Thus the n*" frame S,, can be represented by:

Sn = [s(tn), -y 8(tn + L —1)] (1)

If frame n is not received (i.e. S,, = 0), the recovered signal

S, can be estimated from the adjacent frames by:

S, =0(S1) 2)

where O(+) is the PLC algorithm, I = [n — [, ..., n + m] repre-
sents the [ history and m lookahead frames relative to the cur-
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Figure 1: Overview of the proposed system
rent frame n. For each input frame S; in S; at current frame n, Table 1: Encoder configurations
it is either the original received frames, the previously recovered Block Layer In Out Kernel Stride Dilation
frames or the lost frames:
Convl 2 16 7 1 1
S;, frame i is received RU 1 16 16 7 1 1
Si =4S, frameiislost,i<n (€) Encoder RU2 16 16 7 1 3
0, frameiislost,i>n 1 RU3 16 16 7 1 9
DS 16 32 4 2 1
3. Proposed system RU1 32 32 7 1 1
3.1. Overview Encoder RU2 32 32 7 1 3
2 RU3 32 32 7 1 9
Figure 1 presents the architecture of the proposed system. Dur- DS 32 64 4 2 1
ing the training stage, the time-domain audio signal with packet
loss is fed to the encoder-decoder based generator to recover the RUL 64 64 7 1 1
missing frames. Multi-loss mechanism is employed as the gen- Encoder RU2 64 64 7 1 3
erator loss to simultaneously ensuring good speech quality and 3 RU3 64 64 7 1 9
automatic speech recognition compatibility. A discriminator is DS 64 128 4 2 1
jointly trained with the aim to distinguish the recovered speech RU1 128 128 7 1 1
signal from the ground truth. Encoder RU?2 128 128 7 1 3
The latency of the proposed system is illustrated in the right 4 RU3 128 128 7 1 9
side of Figure 1. As shown, each frame contains 1ms of non- DS 128 256 4 2 1
overlapping time-domain audio samples (16 points for 16kHz
Conv2 256 320 3 1 1

sample rate). The yellow frame c (first frame from the right
side) indicates the currently received frame. If packet loss oc-
curs for the red frame n (18ms earlier than the current frame c),
the proposed deep PLC system takes m = 18 frames of the or-
ange look-ahead (future) frames alongside with [ = 71 frames
of blue history samples relative to the red frame n as the in-
put to ©(+) to recover the lost red frame. Otherwise, the output
frame at time instant c is the received red frame n. Combined
with 1ms stride frame, the proposed system thus introduces in
total of 18ms (lookahead frames) + 1ms (current frame) +1ms
(stride frame) = 20ms latency, which satisfies the total system
delay (20ms) of the INTERSPEECH 2022 Audio Deep Packet
Loss Concealment Challenge [8].

3.2. Generator

The generator is based on the encoder-decoder structure in [15].
The encoder consists a 1D convolution layer followed by 4 en-
coder blocks. As listed in Table 1, each of the encoder blocks
consist of 3 residual units (RU) with kernel of 7 and dilation rate
of 1, 3 and 9, respectively. The last residual unit is followed by
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a convolution with stride as a down-sampler (DS). The channel
number of the first encoder block down-sampler is 16 and each
following down-samplers double the channel number when ap-
plying down-sample. A final 1D convolution layer is used to
smooth the down-sampling feature of the encoder blocks. The
architecture of the decoder is approximately the same as the en-
coder. A 1D convolution layer is followed by 4 decoder blocks.
Each of the decoder blocks consist 1 transposed convolution as
up-sampler. The strides and channel numbers of the transposed
convolutions mirrors the configurations of down-samplers in the
4 encoder blocks. The up-sampler is followed by the same 3
residual units in encoder blocks. A final 1D convolution layer
is used to smooth the output of the whole model. An ELU acti-
vation function is apply after each 1D convolution.

3.3. Discriminator

A time domain and a time-frequency domain convolutional dis-
criminator from [15] are employed. The multi-resolution con-



volutional discriminator is employed where three structurally
identical models are used to the input audio at original, 2-times
down-sampled and 4-times down-sampled resolutions. The
time-frequency domain discriminator operates on a signal scale
with a 1024 samples window size and a hop length of 256 sam-
ples. The input features are fed into a 2D-convolution layer
and followed by several sequentially arranged residual blocks.
The training target of the discriminator is to classify original
vs. recovered audio frames. The implementation details of the
discriminator can be found in [15].

3.4.

As shown in the gray box inside the generator of Figure 1, the
proposed multi-loss contains three loss functions to measure the
estimation error from the signal, perceptual, and ASR aspects.

For the signal loss Ls,, a multi-resolution time-frequency
domain signal loss Lt [15] with different window sizes are
employed:

Multi-Loss

Lrg =

ZZ HS n, k)
KEQG,...
agTFZZHlnSnk lnSnkH

where S(n, k) denotes the clean speech magnitude for the k*"
frequency bin (1 < k < K) at the n'" frame obtained from
a K point fft with K/4 hop length. S(n, k) is the estimated
corresponding speech signal. sy is set to ac, = +/K/2 as
in [19]. In addition, a time-frequency domain Multi-Resolution
Optimal Scale-Invariant Signal-to-Noise Ratio (MR-O-SISNR)
loss is proposed to extend the original time-domain O-SISNR
in [20]:

— 3(n, k)H +

S(n, k
Stdrge[(n k:) M 5)
(S(n, k), S(n, k))

Enmse (n k) ( k) Sméa(n k)) (6)

1| Searget (72, R [[*
LMR-O-SISNR = Z Z Z 10 log10 (1)

nmse (ny k)”

The final signal loss is given by:

Lsi6 = L1F + LMRr-0-SISNR (8

The Phone-Fortified Perceptual Loss (PFPL) proposed in
[22] is applied to take phonetic information into account for
training the proposed deep PLC network. The Lprpr, is calcu-
lated by Wasserstein distance between the latent representations
of wav2vec [16] model for original and recovered speech.

Moreover, an ASR-oriented loss Lasr is used to reduce the
speech distortion of enhanced speech and reduce the WER for
ASR. More specifically, Wasserstein distance is calculated be-
tween the embeddings of the ASR encoder for clean and en-
hanced speech. A pre-trained ASR encoder with LibriSpeech
dataset [23] by WeNet toolkit [21] is used to extract the em-
beddings. The overall multi-loss L for the generator is given
by:

Ls = argeLsic + Lo + Lasr ©)
where the value of the signal weight oz is set to 0.1 in order

to ensure roughly equal contribution among the signal, percep-
tual and the ASR losses in Lg.
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Figure 2: The Gilbert-Elliott Model
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4. Experiments
4.1. Packet loss simulator

In addition to the real loss pattern provide by the Challenge, we
also used the packet loss traces simulated by the Gilbert-Elliott
Channel Model [24] during training as used in [11] to further
increase the diversity of the packet loss patterns. As shown in
Figure 2, it is a two state first order Markov chain, which could
be used to model the conditional consecutive packet loss. The
state 0 indicates successfully receiving a packet while state 1
represents packet loss. The probabilities for the transmission
from state 0 to 1 and from state 1 to 0 are p and ¢, respectively.
The packet loss rates r are set randomly from 20% to 50% cor-
responding to p and ¢ randomly changing from 0.2 to 0.8 while

satisfying r = p/(p + q).

4.2. Datasets and experiments setup

60 hours of speech signals from INTERSPEECH 2022 Au-
dio Deep Packet Loss Concealment Challenge are used with
additional 60 hours speech signals randomly chosen from
AISHELL-1 [25], AISHELL-3 [26], VCTK [27] and Lib-
rispeech [28] to improve the generalization ability of the pro-
posed system. 10% of the speech signals are mixed with noise
from MUSAN [29] at a random SNR from 6dB to 18dB. During
the training stage, the packet loss traces are randomly selected
for each epoch. For each of the selected packet loss traces, the
starting point of a given trace is also randomly selected to allow
sufficient diversity of the packet loss patterns.

All training data are sampled to 16kHz. We use the Adam
optimizer to train the model and the learning rate for training
the generator and discriminator are 0.0001 and 0.00005 respec-
tively. The generator is firstly trained for 60 epochs before intro-
ducing discriminator. It can be found in the experiment results
that including the discriminator can further improve the PESQ
[30], PLC-MOS [8] and WER scores.

4.3. Conditions

The detailed experiment conditions are summarized as follows:

e Gl+Lgsig: the generator network in Section 3.2 with 1ms
frame length, 1ms stride, 18ms lookahead (20ms system la-
tency in total), trained using the signal loss Lsig consisted by
Lty and Lyr-o-sisnr in (8);

o Gl+Lrr+Lsro-sisnk: condition Gl1+Lsig with the MR-O-
SISNR replace by a Single Resolution O-SISNR (SR-O-
SISNR) with 512-point FFT and 128-point stride;

* Gl+Lg: the generator network in Section 3.2 with the full
generator loss L¢ in (9);

¢ Gl+Lg+D: condition G1+Lg with the discriminator in Sec-
tion 3.3;



Table 2: The objective scores and WER of different models on the 966 testing clips

Packet Loss Gl+Lyp Gl+Lsic Gl+Lec Gl+Lg+D G5+Lg+D G10+Lg+D T-F GAN Zero filling

Rate % +LSR-0-SISNR (proposed) [31] baseline
Oto 10 4.44 4.46 4.46 4.49 4.45 4.40 4.28 3.79
10 to 20 4.15 4.23 4.26 4.36 4.11 3.94 3.63 2.51
PLC- 20 to 30 3.81 3.96 3.98 4.16 3.68 3.42 3.09 1.93
MOS 30 to 50 3.45 3.61 3.70 3.99 3.22 2.85 2.44 1.58
50 to 100 2.52 2.72 2.88 3.39 2.43 2.05 1.81 1.78
Overall 4.02 4.10 4.13 4.27 3.97 3.80 3.57 2.88
0to 10 3.93 3.95 3.95 3.96 3.81 3.72 3.44 3.11
10 to 20 2.74 2.76 2.76 2.80 2.54 2.35 2.17 1.63
PESQ 20 to 30 2.14 2.17 2.17 2.20 1.98 1.82 1.69 1.31
30 to 50 1.68 1.68 1.69 1.70 1.54 1.44 1.36 1.14
50 to 100 1.25 1.25 1.26 1.27 1.20 1.18 1.14 1.06
Overall 2.97 2.99 2.99 3.01 2.84 2.72 2.56 2.19
WER (%) 12.46 12.46 11.05 10.97 11.88 12.91 12.15 11.24

Table 3: INTERSPEECH 2022 Audio Deep Packet Loss Concealment Challenge evaluation on blind test and rank

PLC-MOS DNS-MOS CMOS Word accuracy

Final score

Rank Team
1 Kuaishou (proposed) 4.282
Zero filling baseline 2.904

3.797
3.444

—0.552
—1.231

0.875
0.861

0.845
0.725

¢ G5+Lg+D: condition G1+Lg+D with Sms frame length, Sms
stride, 10ms lookahead (20ms system latency in total);

¢ G10+Lg+D: condition G1+Lg + D with 10ms frame length,
10ms stride, Sms lookahead (25ms system latency in total);

T-F GAN: the temporal-spectral Gan system proposed in [31]
and open sourced here'. The total algorithmic latency is
42ms.

e Zero filling baseline: the baseline system with the lost frames
filled by zeros.

4.4. Results

The conditions in Table 2 is evaluated using PESQ [30], PLC-
MOS [8] and WER metrics on 966 testing clips provided by
INTERSPEECH 2022 Audio Deep Packet Loss Concealment
Challenge. The WER is calculated based on a pretrained ASR
model? released by WeNet [21]. The results are listed in Table
2. The scores are further categorized by different packet loss
rates with 457, 202, 103, 116 and 88 samples for the packet loss
rate classes from 0% to 100% in Table 2.

For the G1 systems, the benefit of employing the proposed
multi-loss training is demonstrated progressively. First, con-
dition G1+Lsig achieved higher PLC-MOS and PESQ scores
compared to condition G1+Lr.r+Lsr-o-sisnk indicating the ef-
fectiveness of the proposed Multi-Resolution-O-SISNR  sig-
nal loss. The ASR accuracy is significantly improved while
maintaining the speech quality compared to condition G1+Lsig
when applying the perpetual loss Lprp. and the ASR loss Lasr
in additional to the signal loss Lgig as in G1+Lg. Finally, the
speech qualtiy and the ASR accuracy is further improved when
the discriminator is introduced after 60 epochs of the generator
training indicating the contribution of the adversarial training
strategy as in condition G1+Lg+D.

Thttps://github.com/guanyuansheng/TFGAN-PLC
Zhttps://github.com/wenet-e2e/wenet/blob/main/examples/gigaspeech
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Conditions with different frame lengths are also compared.
The G5 and G10 system are designed to ensure similar system
delays for fair comparison with the G1 systems. As shown,
the objective scores are decreased when increasing the frame
length. This is caused by less available lookahead time when
the frame length increases under the same system latency re-
quirement. The T-F GAN system proposed in [31] and the
Zero filling baseline systems are finally compared with the pro-
posed system. As shown, the proposed system also outperforms
these systems demonstrating the benefit of using the proposed
G1+Lsig+D system.

4.5. Blind test results from Interspeech deep PLC challenge

The proposed system participated the INTERSPEECH 2022
Audio Deep Packet Loss Concealment Challenge [8]. The chal-
lenge evaluated the proposed system (condition G1+Lsig+D)
using objective and subjective metrics. PLC-MOS [8] and
DNS-MOS [32] are employed as the objective metrics for
speech quality. CMOS based on ITU. P.808 [33] is employed as
the subjective metric for speech quality. Word accuracy is used
to evaluate the ASR accuracy. The final score is given by av-
eraging the normalized score (between 0 and 1) from the Word
accuracy and CMOS scores. As listed in Table 3, with 20ms
system latency, 2.36M model parameters, 0.27 real-time factor
on Intel Core i5 (2.4GHz) CPU, the proposed method is ranked
Ist place in this challenge.

5. Conclusions

In this paper, a low-delay multi-loss based deep PLC system is
proposed for real-time applications. With the proposed multi-
loss with Ims input frame length, the proposed system outper-
forms other experiment conditions on PLC-MOS, PESQ and
WER metrics. Besides, the proposed system is ranked the Ist
place of INTERSPEECH 2022 Audio Deep Packet Loss Con-
cealment Challenge.
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