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Abstract14

Recent deep-learning based speech enhancement algorithms have many applications in15

the areas of noise reduction, de-reverberation, bandwidth extension, echo cancellation, to16

name a few. Packet loss is also one of the main causes of voice quality degradation in VoIP17

calls. Currently, generative adversarial networks (GANs) have shown a strong ability in18

image generation, and many of those models also work well in speech tasks. In this work,19

we propose a light-weight model based on GAN to handle the task of audio packet loss20

concealment. Specifically, we use a U-shaped network operating in the time-frequency21

domain as a generator, which is trained by a Mel-GAN discriminator with multi-loss. In22

addition, to enhance the model’s performance under unfavorable channels, we introduce23

noise and bandwidth loss in the training data. The experiments show that our method24

outperforms the baseline in both objective and subjective metrics under an ideal channel25

with no other distortions, and it still largely maintains its performance in the presence of26

noise and bandwidth loss.27

Keywords: adversarial learning; audio inpainting; selective state space model; attention28

mechanism.29
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1 Introduction30

Speech signals are usually broken down into frames for transmission in the channel, and31

these frames can be acknowledged as data packets during transmission. These packets are of-32

ten transmitted in a communication system in a disordered fashion and are reassembled into33

an ordered sequence at the receiving end. When there is interference in the channel or the34

communication link experiences interuptions, it will produce missing packets or high packet35

jitter, causing the degradation of speech quality. In applications such as mobile digital com-36

munications, videoconferencing systems, and voice over Internet protocol (VoIP) calls, packet37

loss can dramatically affect the quality of speech to the extent that people cannot understand38

semantic information from intermittent speech. At the same time, due to the variety of distor-39

tion types in the channel and the high real-time nature of these scenarios, it is a challenging40

task to consider both robustness and lightweight when repairingral networks.41

Packet loss concealment (PLC) is the technology to reconstruct the lost part of speech42

using existing information (Mohamed and Schuller 2020). Some techniques refer to a similar43

task with the terms audio inpainting (Miotello et al. 2024), waveform interpolation (Lagrange44

et al. 2005), or extrapolation (Maher 1994; Aironi et al. 2023). Early PLC methods were45

mainly based on statistical modeling, such as hidden Markov models (HMMs) (Rodbro et al.46

2006) or different coding approaches (Janicki and Ksiundefinedżak 2008). As learning-based47

methods continue to improve, the performance of these methods gradually becomes obsolete.48

Using deep learning techniques, Lee and Chang 2015 first proposed a DNN-based model to49

conceal the degradation caused by lost packets, generating the estimated log-power spectra50

and phases of missing frames and fixing the waveform by putting these features into a decoder.51

In the subsequent works, recurrent network structures and convolutional modules have been52

widely used for this task (Mohamed and Schuller 2020; Lotfidereshgi and Gournay 2018b;53

Lin et al. 2021; Davy et al. 2023). These methods can better capture all sorts of dependencies54

between samples and improve the overall performance. In recent years, many generative models55

such as GAN and diffusion models have achieved good performance in the field of speech56

enhancement (Fu et al. 2021; Yen et al. 2023). In the PLC task, GAN based model can allow57

the generator to achieve better performance, compared to autoregressive algorithms, with less58

parameters through adversarial training (Ebner and Eltelt 2020). For example, Zhao 202359

uses a GAN network to repair the magnitude together with a phase reconstruction algorithm,60

implementing the speech inpainting for audio editing software. Diffusion models are often61

applied to audio joint task including PLC or inpainting. Like Moliner et al. 2023, which62

solves bandwidth extension, de-clipping, and inpainting problems with a general diffusion model63

and achieves convincing results, unfortunately, it seems not suitable for speech and real-time64

communication systems. In INTERSPEECH 2022, Microsoft organized the 1st Audio Deep65

Packet Loss Concealment Challenge (Diener, Sootla, et al. 2022) and it received many effective66

models (Li et al. 2022; Liu et al. 2022; Westhausen and Meyer 2022; Valin, Mustafa, et al.67

2022; Guan et al. 2022), including GAN, RNN, and the deep learning methods mixed with68

traditional ways. This challenge complements this research field, and it is a great reference for69
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later works.70

Currently, the difficulties in the PLC task still exist. When expecting a stronger capability71

in loss packet reconstruction, more parameters are required in most instances. However, the72

deployment of the model on the resource-limited devices is so sensitive to this aspect. Further-73

more, signals are facing various types of loss in real-world channels. When other distortions exist74

together with packet loss, most of the systems will have a large degradation in performance, and75

most of the related work does not evaluate the performance of the model in real-world scenarios.76

Besides, after front-end speech enhancement algorithms come various downstream tasks such77

as automatic speech recognition (ASR), speech emotion recognition (SER), and multi-model78

large language models. Improving effectiveness in front-end processing for downstream tasks is79

also an issue that needs attention.80

To handle these problems, this work proposes a GAN-based model to conceal the packet81

loss. Our main contributions are as follows.82

� By introducing a state space model and efficient local attention in the generator, our83

method achieves a better performance than the baselines while remaining lightweight.84

� By using ASR and speech quality evaluation pretrained models to generate the loss func-85

tion at the training stage, we improve the model’s performance in downstream ASR tasks86

and subjective evaluation experiments.87

� We constructed training data containing bandwidth loss and noise, which is closer to the88

real-world situation. Experiments show that our model trained on these data presents a89

higher robustness in the real-world data.90

2 Proposed method91

Figure 1 illustrates the GAN proposed in this paper, which is primarily composed of a92

generator and a discriminator. The generator is responsible for transforming input spectro-93

grams or waveforms into enhanced outputs, while the discriminator evaluates the quality of the94

generator’s outputs and generates multi-loss to optimize the entire network.95

Encoder1

Encoder2

Mamba

Mamba

Decoder1

Decoder2

Mamba

Mamba

Spectrogram Spectrogram

Generator

Discriminator

Waveform Waveform

STFT iSTFT

WavLM

Ground Truth

Multi-loss

Figure 1: Structure of proposed generative adversarial network.

The generator is the core component of the network, accepting spectrograms as input,96

where it is first converted into spectrograms via the short-time Fourier transform (STFT). The97
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spectrograms are then fed into two separate encoder-decoder paths within the generator. Each98

encoder and decoder incorporates a Mamba block for feature modeling and fusion. At the99

end, the output spectrogram is converted back into a waveform via inverse short-time Fourier100

transform (iSTFT). It is worth mentioning that there is a skip connection between each encoder101

and its corresponding decoder.102

Discriminator is also a crucial component of this network, whose primary function is to103

distinguish between fake waveforms and real waveforms. It takes the output waveforms from104

the generator and real waveforms as input, analyzes and evaluates the input data through a105

multi-layer neural network structure, and outputs a probability value or feature representation106

indicating the authenticity of the input data. Discriminator provides the generator with an107

adversarial loss function, encouraging the generator to continuously optimize the quality of108

the generated waveforms, making them closer to the distribution and characteristics of real109

waveforms.110

Furthermore, WavLM (Chen et al. 2022) is a transformer (Vaswani et al. 2017) based pre-111

trained audio language model that serves as an auxiliary discriminative component in this sys-112

tem, working alongside the discriminator as part of a multi-loss calculation framework. WavLM113

conducts in-depth semantic and feature-level analysis of input waveforms, leveraging its pre-114

trained knowledge and feature extraction capabilities acquired from large-scale audio data to115

evaluate the differences and similarities between generated and real waveforms from multiple116

perspectives. This provides richer supervisory signals during model training, helping the gen-117

erator produce waveforms that better align with the semantic and acoustic characteristics of118

real audio. By enhancing both the quality and naturalness of the generated audio, WavLM119

enables the entire model to holistically consider various factors such as waveform authenticity120

and semantic features in audio generation tasks.121

The entire workflow is as follows. The input waveform is converted into a spectrogram122

via STFT, and the spectrogram is fed into the generator. After feature processing by the123

encoder, the decoders reconstruct the spectrogram. Then the output spectrogram is converted124

back into a waveform via iSTFT. The generated waveform and the ground-truth waveform are125

then served as inputs into the discriminator and pre-trained model to compute the adversarial126

loss and audio quality loss, respectively. The total loss is used to update the parameters127

of the generator through backpropagation and gradient descent, progressively improving the128

generator’s output quality.129

We will introduce each component of the network in detail next.130

2.1 Generator131

The generator mainly contains encoders, decoders and state space model blocks (Mamba).132

2.1.1 Encoder and decoder133

The encoder–decoder in Figure 2 is designed under 3 practical constraints of PLC. First,134

PLC requires restoring locally time-frequency patterns such as harmonics. These features are135

4

PRE-P
ROOF P

UBLIC
ATIO

N

PR
E

-PR
O

O
F PU

B
L

IC
A

T
IO

N
 A

R
C

H
IV

E
S O

F A
C

O
U

ST
IC

S



Archives of Acoustics
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LayerNorm
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Figure 2: Structure of encoder.

typically disrupted by burst losses. So we use lightweight convolutions as the main building136

modules to efficiently capture local structures with low latency. Besides, accurate inpainting137

also needs contextual cues beyond a short receptive field, especially when consecutive packets138

are missing; therefore, we need to enhance cross-frequency interactions and long-context mod-139

eling at the bottleneck rather than stacking heavy global attention everywhere. Additionally,140

the model is intended for real-time or resource-limited deployment, so each additional module141

must provide clear gains per computational cost.142

Based on these considerations, we adopt a U-Net style encoder–decoder with skip con-143

nections to preserve fine-grained spectral details and to reduce over-smoothing during recon-144

struction. As illustrated in Figure 2, the encoder first applies 2D convolution to extract local145

time-frequency features, followed by a frequency transformer block (FTB) (Dai et al. 2024) to146

strengthen frequency-wise dependency modeling, since packet loss often breaks spectral conti-147

nuity across frequency bins. When operating in the first encoder layer (i = 1), an additional 2D148

convolution and GLU activation are used to selectively filter informative channels and suppress149

artifacts introduced by lossy segments. Subsequently, 1D convolution and layer normalization150

are employed to capture short-term temporal correlations and stabilize training. In the second151

encoder layer (i = 2), we introduce efficient local attention (ELA) (Xu and Wan 2024) together152

with a bidirectional LSTM (BiLSTM) near the bottleneck, where the temporal resolution is153

already reduced; this design allows the model to capture salient regions and longer-range de-154

pendencies with minimal computational overhead. The processed features are then combined155

with earlier-stage representations through skip connections, mitigating gradient vanishing and156

facilitating multi-level feature fusion.157

ELA is an efficient local attention mechanism for deep convolutional neural networks. It im-158

proves upon coordinate attention by using 1D convolution and group normalization to enhance159

feature representation, avoiding the generalization issues of batch normalization in coordinate160

attention and the negative effects of channel dimension reduction on attention generation.161

Specifically, as Figure 3 depicts, ELA first employs strip pooling to extract one-dimensional162

feature vectors in the horizontal and vertical directions from the input feature map. Given an163
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Input

X Avg 
Pooling

Y Avg 
Pooling

Conv1d Conv1d

GroupNorm GroupNorm

Sigmoid Sigmoid

Output

×

×

C×H×W

C×H×W

C×1×WC×H×1

C×H C×W

C×H C×W

C×1×WC×H×1

Figure 3: Efficient local attention.

input tensor X ∈ RC×H×W , the operation is164

Xh(c, w) =
1

H

H∑
i=1

X(c, i, w), (1)

165

Xw(c, h) =
1

W

W∑
j=1

X(c, h, j). (2)

whereXh ∈ RC×W andXw ∈ RC×H are 2D feature maps (matrices) obtained by average pooling166

along the height and width dimensions, respectively. Here, c ∈ {1, . . . , C} denotes the channel167

index, h ∈ {1, . . . , H} and w ∈ {1, . . . ,W} denote the spatial indices along height and width,168

respectively.169

After pooling, a 1D convolution is applied along the remaining spatial dimension to capture170

local contextual interactions. Specifically, the convolution operates along the width dimension171

for Xh and along the height dimension for Xw, while being applied independently for each172

channel. After that, group normalization and Sigmoid activation functions are used to process173

the feature maps, generating positional attention predictions for both directions, given by174

Yh = σ(GN(Conv(Xh))), (3)

175

Yw = σ(GN(Conv(Xw))), (4)

where σ(·), GN(·), Conv(·) represent Sigmoid fuction, group normalization, and 1D convolution,176

respectively. Finally, the predictions from both directions are combined via a product operation177

to obtain the final positional attention map. That is,178

Y = X · Yh · Yw, (5)
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where · denotes elementwise multiplication. The attention maps Yh and Yw are broadcast along179

the height and width dimensions, respectively, before being applied to the input feature map180

X.181

ELA can accurately locate regions of interest without reducing the channel dimension, thus182

avoiding the loss of feature information caused by channel dimension reduction. Additionally,183

ELA has a lightweight structure with low computational complexity. For example, in the184

medical image detection task (Sun et al. 2025; Hao et al. 2024), the model using ELA as the core185

component effectively improved the accuracy while having fewer parameters and computational186

complexity than the baselines. ELA also shows good generalization ability, stably enhancing187

the performance of both large and small networks. For instance, it significantly improves the188

accuracy of ResNet (He et al. 2016) series networks with minimal impact on model parameters189

(Xu and Wan 2024). These conclusions can also be verified in our experiments.190

Linear
Projection

Linear
Projection

Conv

SSM

σ σ

Input

×

Linear
Projection

Output

Figure 4: Mamba block.

2.1.2 State space model block191

Packet loss concealment requires the model to infer missing speech segments from the sur-192

rounding context, particularly under burst loss conditions where consecutive frames are un-193

available. While convolutional layers are effective at modeling local structures, their receptive194

field grows slowly with depth, and recurrent or attention-based modules often incur high com-195

putational cost. To address this challenge, we introduce a selective state space model (SSM)196

based on the Mamba architecture (Gu and Dao 2023) as a core temporal modeling component197

in the generator. Its detailed description is shown in Figure 4.198

The key motivation for using Mamba lies in its ability to model long-range temporal de-199

pendencies with linear computational complexity. Unlike Transformer-based attention, whose200

cost scales quadratically with sequence length, the state space formulation allows efficient prop-201

agation of contextual information across long time spans, which is particularly important for202

reconstructing speech segments affected by continuous packet losses. Moreover, the selective203
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mechanism in Mamba enables the model to dynamically control information flow, allowing it204

to emphasize informative regions while attenuating less relevant context.205

In our architecture, the Mamba block is placed within the encoder–decoder pipeline to206

complement convolutional feature extraction. While convolutional layers and ELA focus on207

local time-frequency structures, the Mamba block aggregates long-range temporal information208

across frames, thereby improving the continuity and naturalness of reconstructed speech. This209

design allows the proposed model to effectively handle both short and long packet losses while210

maintaining a favorable trade-off between performance and computational efficiency.211
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e
×
4

𝒟1

↓↓2× ↓↓2×

𝐿1 𝐿1 𝐿1

Output
Feature

∑

∑
Output
Tensor

Adversarial
Loss

Feature
Loss

𝒟2 𝒟3

Figure 5: Structure of discriminator.

2.2 Discriminator212

Inspired by J. Yang et al. 2024, we employed a multi-scale discriminator architecture which213

is shown in 5 as the core component of the adversarial training framework to optimize the214

generator’s performance. This discriminator consists of three independent sub-discriminators215

D1,D2,D3, each designed with inspiration from MelGAN (Kumar et al. 2019). Specifically,216

each sub-discriminator comprises seven convolutional layers, with the first four layers featuring217

downsampling capabilities to progressively compress the spatiotemporal resolution of the input218

signal and capture multi-scale features. The input to the discriminator undergoes differentiated219

processing: D1 receives the raw waveform, D2 processes a 2 times downsampled waveform,220

and D3 analyzes a 4 times downsampled waveform. This design enables the generator to221

maintain consistency across different temporal scales, thereby enhancing the naturalness of the222

output speech and its spectral coherence. Furthermore, the multi-level features output by the223

discriminator are used to compute the adversarial loss and feature loss. The former optimizes224
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the generator by minimizing the difference between generated and real samples, while the latter225

constrains the generator to align its intermediate-layer feature distribution with that of real226

data.227

2.3 WavLM228

Waveform

CNN Encoders

Transformer Encoder with 
Gated Relative Position Bias

𝑥1 𝑥6𝑥5M M M

𝑧1 𝑧6𝑧5𝑧2 𝑧3 𝑧4
Extracted
Features

Figure 6: Structure of WavLM.

The architecture of WavLM (Chen et al. 2022) is shown in Figure 6, and it is composed of a229

CNN encoder and a transformer encoder, with the latter incorporating gated relative position230

bias (Chi et al. 2022) to better capture the sequence order of input speech. The CNN encoder231

is tasked with extracting features from the input waveform. It consists of 7 temporal convo-232

lutions, each followed by layer normalization and a GELU activation layer. The convolutional233

kernels have 512 channels, with strides of (5,2,2,2,2,2,2) and widths of (10,3,3,3,3,2,2), ensuring234

each output represents approximately 25 ms of audio with a stride of 20 ms. The features x235

extracted by the CNN are masked and then fed into the transformer encoder as input. At236

the bottom of the transformer encoder is a convolution-based relative position embedding layer237

(Raffel et al. 2020) with a kernel size of 128 and 16 groups. To enhance model performance,238

WavLM introduces gated relative position bias, which is encoded based on the offset between239

key and query in self-attention. Specifically, for the input hidden states {hi}Ti=1, each hi is240

linearly projected into a query, key, and value (qi,ki,vi). Here, hi ∈ RD denotes the hidden241

representation at time step i output by the WavLM transformer encoder, where D is the hidden242

dimension of the pre-trained model. In our implementation, we use WavLM Base, for which243

D = 768. The self-attention outputs are calculated by incorporating attention logits with gated244

relative position bias ri−j. The calculations are245

g
(update)
i , g

(reset)
i = σ(qi · u), σ(qi ·w), (6)

246

r̃i−j = w · g(reset)i · di−j, (7)
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ri−j = di−j + g
(update)
i · di−j + (1− g

(update)
i ) · r̃i−j, (8)

Here, u,w are learnable parameter tensors with the same dimensions as the query representation247

qi, and the dot product in equation (6) denotes an inner product that produces scalar gating248

values. σ(·) represents sigmoid function. The gating mechanism allows the relative position249

bias to be dynamically adjusted based on the current speech content. Additionally, di−j is250

calculated using bucketed relative position embeddings, with its range varying according to251

the offset. Consequently, WavLM learns rich speech representation capabilities through its pre-252

training framework of masked speech denoising and prediction, enabling it to capture multi-level253

information in speech signals, such as content, speaker characteristics, and environmental noise.254

In our task, using the deep features extracted by WavLM to compute the loss function can255

guide the model to not only focus on waveform-level matching but also optimize higher-level256

semantic and perceptual characteristics of speech. The WavLM-based loss can measure the257

distribution difference between enhanced speech and clean speech in the latent space, thereby258

avoiding the over-smoothing issues that may arise from low-level metrics, resulting in more259

natural enhanced speech with better-preserved details.260

2.4 Loss261

The loss function of our model adopts an adversarial training approach, combining multiscale262

STFT loss, generator adversarial loss, feature loss, and pre-trained model loss. The total loss263

function can be expressed as264

L = LMSTFT + LG
adv + λfLf + Lpre, (9)

where λf = 100, which is used to balance the weight of feature loss.265

The multi-scale STFT loss LMSTFT is266

LMSTFT = E(x,y)∼pdata[
3∑

m=1

(
||s(y, θm)− s(G(x), θm)||F

||s(y, θm)||F
+

1

N
||log

s(y, θm)

s(G(x), θm)
||
)]

,

(10)

where s(G(x), θm) represents the STFT magnitude spectrum of the output signal G(x) under267

the parameter θm, || · ||F and || · || denote the Frobenius norm and ℓ1 norm, respectively, and268

N is the number of elements in the magnitude spectrum. The multi-scale parameters θm cover269

different FFT sizes (512, 1024, 2048) and hop length (50, 120, 240). The logarithm in equation270

(10) is elementwise.271

The generator adversarial loss LG
adv and feature loss Lf are272

LG
adv = Ex∼px

[
1

K

∑
k

max(0, 1−Dk(G(x)))

]
, (11)
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273

Lf = E(x,y)∼pdata

[
1

KL

∑
k,l

||Dl
k(y)−Dl

k(G(x))||1

]
, (12)

where px is the distribution of lossy speech, pdata denotes the empirical joint distribution of lossy274

speech and clean speech from the training dataset, K is the number of discriminators (K = 3),275

L is the number of layers in the discriminator, and Dl
k denotes the feature output of the l-th276

layer in the k-th discriminator. This loss design achieves noise-robust bandwidth extension by277

jointly optimizing time-frequency domain reconstruction accuracy (STFT loss) and adversarial278

training (adversarial loss and feature loss).279

The pre-trained model loss Lpre is the KL divergence between the output features of pre-280

diction x and ground truth y from WavLM.281

2.5 Datasets282

We used clean speech data from 2023 DNS challenge (Dubey et al. 2023) and VCTK (Ya-283

magishi et al. 2019), noise data from 2023 DNS challenge (Dubey et al. 2023) and WHAM!284

(Wichern et al. 2019) in the training phase of the model. We first added noise to the clean285

speech data with a probability of 0.5, making the SNR of speech in the range of -10 - 0 dB,286

and then randomly masked it to simulate the packet loss effect, with a mask window length of287

twin ∈ [20, 120] (ms). We synthesized a total of 300,000 samples, each of which was normalized288

to a length of 5 seconds and resampled to 16 kHz, with a total duration of 416.67 hours. During289

training, we used 90% of the data as the training set and 10% as the validation set.290

In the testing phase, we used the blind test set from the 2022 PLC challenge (Diener,291

Sootla, et al. 2022) and the last 5 speakers in the VCTK dataset (Yamagishi et al. 2019) for292

testing. For the VCTK test data, we set the duration of lost packets to a multiple of 20 ms,293

and the maximum packet loss time length to 120 ms, equivalent to 6 consecutive packets. The294

distribution of lost parts when the packet loss rate is in the range of 10% - 40% is completely295

based on the settings in (Aironi et al. 2023). In addition, we used real speech collected from296

the wireless communication system of marine ships to evaluate the performance of the model297

in real scenarios. According to the coarse estimation, in this dataset, the packet loss rates298

approximately range from 0% to 40% with burst durations on the order of 0-100 ms. We made299

this part of the data public on this link1.300

2.6 Detailed configurations301

During model training, we employ the Adam optimizer (with β1 = 0.8 and β2 = 0.999)302

to jointly optimize the generator and discriminator under a fixed learning rate of 1 × 10−3.303

The training is conducted on 2 NVIDIA RTX3090 GPUs for 100 epochs, and the checkpoint304

achieving the best performance on the validation set is selected for testing. For the STFT305

configuration in our network, the FFT size is set to 512 with a hop length of 128. In addition,306

1https://drive.google.com/file/d/182xMlO768kH3ntOO8C_vNIOqYZ0IR4cu/view?usp=sharing
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we used the “WavLM Base” pre-trained model provided by the official repository2 to generate307

pre-trained model loss.308

2.7 Evaluation metrics309

In the evaluations of the model, we selected a set of multidimensional metrics to compre-310

hensively measure speech quality, comprehensibility, and recognition performance. Specifically,311

we conducted tests on the following metrics in the experiments.312

DNSMOS (Reddy et al. 2022) is an objective speech quality evaluation index based on313

neural networks, which simulates human subjective auditory perception using deep networks.314

PLCMOS (Diener, Purin, et al. 2023), like DNSMOS, is based on neural networks. The differ-315

ence is that it focuses on evaluating the quality of packet loss concealment in communication316

scenarios, modeling through perceptual linear prediction coefficients and auditory masking ef-317

fects. Its calculation process considers frequency band energy distribution and psychoacoustic318

characteristics. The range of values for these two metrics is 1 to 5, and they are both non-319

intrusive, which means that no reference signal is required during the evaluation.320

Additionally, we employed the PESQ (Rix et al. 2001), a widely used objective metric in the321

field of speech enhancement. PESQ is an objective speech quality assessment method based on322

the human auditory model, primarily used to measure the perceptual quality of speech signals323

after processes such as encoding or decoding, transmission, or noise reduction. Its output324

scores typically range from -0.5 to 4.5, with higher scores indicating better quality. We also325

used STOI (Taal et al. 2011), which focuses on the objective evaluation of speech intelligibility.326

By analyzing the time-frequency characteristics of speech signals, STOI predicts how easily a327

listener can understand the speech, with scores ranging from 0 to 1, and a score closer to 1328

indicates higher intelligibility. It is worth mentioning that both metrics require reference signals329

for testing.330

On the other hand, we randomly selected 25 native English-speaking males and 25 native331

English-speaking females online and asked them to listen to speech signals processed by different332

models to obtain mean opinion score (MOS) scores. This subjective evaluation follows a MOS333

listening test in accordance with the general guidelines of ITU-T Recommendation P.800. MOS334

is a subjective evaluation metric where human listeners rate speech quality based on auditory335

perception, typically on a scale from 1 (poor) to 5 (excellent), directly reflecting subjective336

human perception. The average of all individual scores was taken as the final metric.337

In order to measure the impact of different models on downstream tasks, we use speech338

processed by these models for ASR and use word accuracy (WAcc) as an indicator. We use the339

same ASR model for all methods.340

2https://github.com/microsoft/unilm/tree/master/wavlm
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2.8 Baseline models341

We tested the proposed model and all the models submitted to the PLC Challenge (Diener,342

Sootla, et al. 2022) on the blind test set provided by the challenge, and all training and testing343

conditions were kept consistent. In addition, we compared 3 traditional algorithms: Opus344

(Valin, Maxwell, et al. 2016), WebRTC (Blum et al. 2021), EVS (Lecomte et al. 2015), and345

several deep learning-based models such as PLAAE (Pascual et al. 2021), TFGAN(Wang et al.346

2021), bin2bin (Aironi et al. 2023) based on generative adversarial networks, a model based347

on recurrent neural networks (Lotfidereshgi and Gournay 2018a), and the MFM pre-training348

method and the model in (D.-H. Yang et al. 2023) on VCTK and our collected speech datasets.349

We adopted the settings claimed in the papers of these models and retrained and reimplemented350

them when necessary. We also referred to the experimental results in (Aironi et al. 2023).351

Table 1: Performance comparison on 2022 PLC challenge blind test data.

Team ID* PLCMOS DNSMOS CMOS Wacc #Parameters

Clean (reference) 4.51 3.89 0 0.98 -

#12 4.28 3.80 -0.55 0.85 2.36
#1 3.74 3.79 -0.64 0.84 5.9
#9 3.83 3.68 -0.81 0.80 -
#14 3.98 3.69 -0.84 0.79 4.97
#11 3.28 3.51 -1.10 0.75 -
#10 3.48 3.74 -1.04 0.74 -
#6 2.90 3.48 -1.31 0.71 3.77

Proposed model 4.34 3.85 -0.42 0.89 1.71
* Since the methods and names of most models in this challenge are un-
known, team numbers are used to represent the models.

3 Experiment results352

Table 1 presents a comparison of the performance of different models on the 2022 PLC353

challenge blind test data, focusing on key metrics such as PLCMOS, DNSMOS, CMOS, and354

WAcc, where CMOS is defined by355

CMOS = MOS−MOSclean. (13)

In PLCMOS, which evaluates the quality of inpainting, the score of clean speech is 4.51.356

The proposed model achieves 4.34, the closest to the reference among all teams, significantly357

outperforming others like #12 at 4.28 and #1 at 3.74. This highlights the model’s ability358

to maintain signal quality close to the ideal reference. For DNSMOS, measuring overall audio359

quality, the reference’s score is 3.89. The proposed model scores 3.85, again leading other teams360

such as #9 at 3.68 and #14 at 3.69. This indicates the model’s effectiveness in preserving audio361

quality. As for CMOS, which indicates the subjective feeling of human beings’ distortion, the362
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reference is 0. The proposed model’s score of -0.42 is much closer to zero compared to teams363

like #6 at -1.31 and #11 at -1.10, showing a better experience brought to the listeners. Finally,364

in WAcc, the ASR performance metric, the reference is 0.98, and the proposed model attains365

0.89, surpassing other teams like #12 at 0.85 and #1 at 0.84. This shows the proposed model366

demonstrates superior performance across all key metrics, effectively balancing signal quality,367

audio fidelity, and minimal distortion, making it the best solution among these models. With368

a parameter number of 1.71M, our model achieves a PLCMOS score of 4.34, a DNSMOS score369

close to 3.85, and an impressive WAcc of 0.89, outperforming all other models across these three370

dimensions. Besides, Model #1, with a parameter number of 5.90M, which is nearly three times371

that of our model, only reaches a WAcc of 0.85, while its PLCMOS and DNSMOS scores show372

no significant advantage. Model #12, with 2.36M parameters, which is still 0.65M more than373

ours, achieves a WAcc of approximately 0.85, and its PLCMOS and DNSMOS performance is374

also lower than our model. Model #14, with 4.97M parameters, also fails to match our model’s375

levels in PLCMOS, DNSMOS, and WAcc. Similarly, Model #6, with 3.77M parameters, lags376

behind our model in all three key metrics.377

Table 2: Average performance comparison on VCTK
data.

Type Method PESQ STOI

Traditional
Opus 1.77 0.77
WebRTC 1.70 0.70
EVS 1.89 0.78

Learning-based

PLAAE 2.04 0.84
TFGAN 1.97 0.81
bin2bin 2.72 0.88
RNN 2.23 0.83
MFM 2.52 0.85

Learning-based Proposed model 3.07* 0.91*

* Statistically significant improvement over all baseline
methods (paired t-test, p < 0.05).

Table 2 compares the average performance of different methods on the VCTK dataset,378

including traditional methods and learning-based approaches, with performance evaluated using379

PESQ and STOI metrics. Among the traditional methods, EVS achieves the best performance380

with a PESQ of 1.89 and an STOI of 0.78. Among the learning-based baseline models, bin2bin381

demonstrates the strongest performance in both metrics. The proposed model achieves a PESQ382

of 3.07 and an STOI of 0.91. Compared to EVS, the proposed model improves PESQ by 1.18383

and STOI by 0.13, and compared to bin2bin, it increases PESQ by 0.35 and STOI by 0.03.384

This indicates that the proposed model surpasses all baseline models in both key metrics, fully385

demonstrating its significant advantages in enhancing speech quality and intelligibility.386

Figure 7 shows the spectrograms output by the bin2bin model and the proposed model.387

There are a large number of obvious blank stripes in the lossy speech spectrogram, which388

represent the packet loss caused by compression or transmission. Although the bin2bin model389
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Lossy Speech

bin2bin Proposed Model

Ground Truth

Figure 7: Visualization of the output spectrogram.

Table 3: Overall quality of the output speech under specific loss rate and burst loss.

Maximum burst loss
Loss rate

10% 20% 30% 40%

20 ms 0.89 0.85 0.82 0.78
40 ms 0.86 0.81 0.80 0.77
60 ms 0.82 0.80 0.76 0.73
80 ms 0.79 0.75 0.73 0.70
100 ms 0.76 0.72 0.69 0.67
120 ms 0.74 0.70 0.66 0.62

improves the spectral structure of the lossy speech, there are some sparse noises in the red box390

that do not conform to the speech characteristics. This shows that the model has a certain effect391

in hiding packet loss, but fails to improve the overall quality of speech. At the same time, there392

is an obvious discontinuity in the red oval area below the red box, indicating that the model is393

still insufficient in recovering low-frequency local details. On the contrary, the speech output394

by the proposed model has no non-speech features in the area within the red box, where it is395

replaced by a more continuous and smooth speech spectrum structure. In the high-frequency396

area above 3000 Hz, the energy distribution of the spectrogram is more uniform, and the details397

are richer, indicating that the proposed model can effectively recover the high-frequency details398

of the speech signal. In addition, the low-frequency part of the red circular area has a smooth399

transition, indicating that the proposed model generates natural and highly intelligible speech400

features. In general, the proposed model can effectively remove periodic noise and random401

noise caused by the nonlinear mapping of neural networks while restoring key details of speech.402

This is due to the network’s ability to accurately model the time-frequency structure of speech403

signals, which enables high-fidelity restoration of the original signal.404
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Table 3 presents the overall quality scores of the output speech under different packet loss405

rates and maximum burst loss durations. This score is the average of DNSMOS, PLCMOS,406

PESQ, STOI and word accuracy after they are normalized to [0, 1]. The test data is VCTK.407

This normalized average is used only as an auxiliary indicator to illustrate overall trends across408

different loss conditions and is not intended to replace the interpretation of individual metrics,409

which are reported and discussed separately in other cases. The data in the table reflects the410

dual impact of packet loss rate and burst loss duration on speech quality, with an overall trend411

showing that as the packet loss rate increases and the burst loss duration extends, the output412

speech quality gradually declines.413

As the packet loss rate increases, the restoration quality gradually degrades across all burst414

loss settings, indicating that higher loss frequency poses a greater challenge even when burst415

duration is limited. For a fixed packet loss rate, increasing the maximum burst loss duration416

leads to a more pronounced degradation in quality, reflecting the difficulty of reconstructing417

longer consecutive missing segments. Notably, the degradation caused by burst loss duration is418

more severe at higher loss rates, suggesting a compounding effect when frequent and prolonged419

packet loss occurs simultaneously. These trends indicate that the proposed model is robust420

to moderate packet loss and short bursts, while its performance degrades gracefully as loss421

conditions become more extreme, which is consistent with practical communication scenarios.422

40ms

60ms 80ms

100ms 120ms

20ms

Figure 8: Visualization of the output spectrogram for different burst loss.

Figure 8 further illustrates the phenomenon of speech quality variation with burst loss423

duration, as shown in Table 3, through spectrogram visualization. When the burst loss duration424

is 20 ms and 40 ms, the continuity and details of the spectrogram remain relatively clear,425

with high-frequency components well preserved, which aligns with the higher quality scores426
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under the corresponding conditions in Table 3. At this point, the main characteristics of the427

speech signal are retained, and despite a certain degree of packet loss, the network’s recovery428

mechanism still maintains good speech quality. As the burst loss duration increases to 100429

ms and 120 ms, the spectrogram begins to show distinct vertical noise streaks and blurred430

spectral structures, particularly in the high-frequency range (above 4000 Hz). This reflects that431

prolonged continuous packet loss causes more severe damage to the speech signal, leading to a432

decline in the quality scores of the output speech in Table 3. Moreover, comparing spectrograms433

under different packet loss rates reveals that, under the same burst loss duration, a higher packet434

loss rate results in more noise and missing segments in the spectrogram, along with greater loss435

of spectral details. For example, at a 20 ms burst loss duration, the spectrogram continuity at436

a 10% packet loss rate is significantly better than at a 40% packet loss rate, which is consistent437

with the decreasing trend in the same row of data in Table 3 as the loss rate increases.438

Figure 8 and Table 3 jointly reveal the dual-impact mechanism of burst loss duration and439

packet loss rate on speech quality. Short burst losses primarily affect the details of the speech440

signal, while prolonged burst losses disrupt the continuity and integrity of the speech signal.441

An increase in the packet loss rate exacerbates this damaging effect, leading to more spectral442

information loss. Together, these dual influences determine the performance of packet loss443

concealment systems under different conditions.444

Table 4: Test results on our collected real-world
data.

Method PLCMOS DNSMOS MOS

Input 3.02 3.24 2.98

Opus 3.16 3.26 3.20
WebRTC 3.12 3.23 3.11
EVS 3.21 3.29 3.24

PLAAE 3.28 3.40 3.47
TFGAN 3.23 3.32 3.25
bin2bin 3.68 3.51 3.62
RNN 3.36 3.38 3.42
MFM 3.56 3.52 3.55

Proposed model 3.88* 3.67* 3.75*
* Statistically significant improvement over all baseline
methods (paired t-test, p < 0.05).

Table 4 reports the performance of different packet loss concealment methods on the col-445

lected real-world data, reflecting the quality of the restored speech signals. Compared with the446

degraded input, all PLC methods provide noticeable improvements, indicating that packet loss447

concealment is effective under practical communication conditions. Traditional codecs such as448

Opus, WebRTC, and EVS achieve modest gains, with PLCMOS values in the range of 3.12-3.21449

and MOS around 3.11-3.24, which reflects the limited capability of their built-in PLC mecha-450

nisms in handling combined packet loss and noise. In contrast, learning-based approaches con-451
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sistently outperform codec-based methods; for example, bin2bin improves PLCMOS to 3.68 and452

MOS to 3.62, while MFM further increases DNSMOS to 3.52. The proposed model achieves the453

best overall performance. These results indicate that jointly modeling packet loss concealment454

and noise suppression is particularly beneficial for real-world scenarios, enabling the proposed455

model to deliver more natural and intelligible restored speech than both traditional codecs and456

existing learning-based methods.457

Table 5: Results of the ablation study.

Item PLCMOS DNSMOS MOS

w/o adversarial training 3.77 3.60 3.63
w/o LMSTFT 3.62 3.55 3.59
w/o Lpre 3.86 3.66 3.65

w/o mamba block 3.76 3.61 3.66
w/o ELA 3.82 3.65 3.69

original setting 3.88 3.67 3.75

Table 5 shows the results of an ablation study designed to evaluate the impact of different458

components and training strategies on model performance. The ”Item” column lists various459

experimental configurations, including the original setup and several variants where specific460

components or training methods are removed. The data show that when adversarial training461

is absent, all three metrics decrease compared to the original setup, indicating that adversarial462

training positively contributes to improving various aspects of speech quality. For the case with-463

out LMSTFT , the PLCMOS and DNSMOS decline, with PLCMOS dropping significantly from464

3.88 in the original setup to 3.62, suggesting that LMSTFT plays a crucial role in inpainting.465

In the absence of Lpre, PLCMOS and DNSMOS show minimal changes, while MOS decreases466

from 3.75 in the original setup to 3.65. This implies that Lpre has little effect on the objective467

metrics of speech quality but significantly impacts the overall MOS, which may encompass468

broader considerations such as subjective evaluations or downstream task accuracy. In other469

words, Lpre may be important for certain subjective or downstream task performance but does470

not markedly improve objective speech quality metrics. When the Mamba block is removed,471

both PLCMOS and DNSMOS decrease compared to the original setup, with DNSMOS drop-472

ping from 3.67 to 3.61, demonstrating that it contributes positively to the modeling of long473

sequences. When it comes to ELA, PLCMOS decreases from 3.88 in the original setup to 3.82,474

and DNSMOS decreases from 3.67 to 3.65. This may suggest that ELA has a slightly negative475

effect on PLCMOS but a positive effect on DNSMOS. Overall, the original setup performs best476

when considering all factors. This indicates that the components and training strategies in the477

original setup work synergistically to achieve optimal performance across multiple dimensions.478
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4 Conclusion479

In this work, we proposed an efficient audio inpainting model based on a GAN frame-480

work with a selective state space model and adversarial training, achieving robust packet loss481

concealment while maintaining light-weight. By integrating Mamba blocks for efficient long-482

sequence modeling and ELA attention for local feature refinement, our model outperforms ex-483

isting methods in both objective metrics and subjective evaluations, particularly in noisy and484

bandwidth-limited scenarios. The inclusion of WavLM-based perceptual loss further enhances485

speech quality and intelligibility for the downstream ASR task. Experiments on real-world and486

benchmark datasets demonstrate our model’s superior performance and generalization ability,487

making it a practical solution for real-time speech communication systems. Our future work488

will explore further optimization for edge devices and extension to broader speech enhancement489

applications.490
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