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Recent deep-learning based speech enhancement algorithms have many applications in the areas of noise
reduction, de-reverberation, bandwidth extension, echo cancellation, to name a few. Packet loss is also one of
the main causes of voice quality degradation in Voice over Internet Protocol (VoIP) calls. Currently, generative
adversarial networks (GANs) have shown a strong ability in image generation, and many of those models also
work well in speech tasks. In this work, we propose a light-weight model based on GAN to handle the task of
audio packet loss concealment. Specifically, we use a U-shaped network operating in the time-frequency domain
as a generator, which is trained by the Mel-GAN discriminator with multi-loss. In addition, to enhance the
model’s performance under unfavorable channels, we introduce noise and bandwidth loss in the training data.
The experiments show that our method outperforms the baseline in both objective and subjective metrics
under an ideal channel with no other distortions, and it still largely maintains its performance in the presence
of noise and bandwidth loss.
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1. INTRODUCTION

Speech signals are usually broken down into frames for transmission in the channel, and these frames can
be acknowledged as data packets during transmission. These packets are often transmitted in a communication
system in a disordered fashion and are reassembled into an ordered sequence at the receiving end. When there is
interference in the channel or the communication link experiences interruptions, it will produce missing packets
or high packet jitter, causing the degradation of speech quality. In applications such as mobile digital communi-
cations, videoconferencing systems, and Voice over Internet Protocol (VoIP) calls, packet loss can dramatically
affect the quality of speech to the extent that people cannot understand semantic information from intermittent
speech. At the same time, due to the variety of distortion types in the channel and the high real-time nature of
these scenarios, it is a challenging task to consider both robustness and lightweight when repairingral networks.
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Packet loss concealment (PLC) is a technology to reconstruct the lost part of speech using existing infor-
mation (MOHAMED, SCHULLER, 2020). Some techniques refer to a similar task with the terms audio inpaint-
ing (MIOTELLO et al., 2024), waveform interpolation (LAGRANGE et al., 2005), or extrapolation (MAHER, 1994;
AIRONI et al., 2023). Early PLC methods were mainly based on statistical modeling, such as hidden Markov mod-
els (HMMs) (RODBRO et al., 2006) or different coding approaches (JANICKI, KSIEZAK, 2008). As learning-based
methods continue to improve, the performance of these methods gradually becomes obsolete. Using deep learning
techniques, LEE and CHANG (2015) first proposed a DNN-based model to conceal the degradation caused by lost
packets, generating the estimated log-power spectra and phases of missing frames and fixing the waveform by
putting these features into a decoder. In the subsequent works, recurrent network structures and convolutional
modules have been widely used for this task (MOHAMED, SCHULLER, 2020; LOTFIDERESHGI, GOURNAY, 2018;
LIN et al., 2021; DAVY et al., 2023). These methods can better capture all sorts of dependencies between sam-
ples and improve the overall performance. In recent years, many generative models such as GAN and diffusion
models have achieved good performance in the field of speech enhancement (FU et al., 2021; YEN et al., 2023).
In the PLC task, the GAN based model can allow the generator to achieve better performance, compared to
autoregressive algorithms, with less parameters through adversarial training (EBNER, ELTELT, 2020). For exam-
ple, ZHAO (2023) uses a GAN network to repair the magnitude together with a phase reconstruction algorithm,
implementing the speech inpainting for audio editing software. Diffusion models are often applied to audio joint
task including PLC or inpainting. As in the study by MOLINER et al. (2023), in which issues related to bandwidth
extension, de-clipping, and inpainting problems with a general diffusion model are solved and convincing results
are obtained, unfortunately, it seems not suitable for speech and real-time communication systems. In Interspeech
2022, Microsoft organized the 1st Audio Deep Packet Loss Concealment Challenge (DIENER et al., 2022) and
it received many effective models (LI et al., 2022; Liu et al., 2022; WESTHAUSEN, MAYER, 2022; VALIN et al.,
2022; GUAN et al., 2022), including GAN, RNN, and the deep learning methods mixed with traditional ways.
This challenge complements this research field, and it is a great reference for later works.

Currently, the difficulties in the PLC task still exist. When expecting a stronger capability in loss packet re-
construction, more parameters are required in most instances. However, the deployment of the model on the
resource-limited devices is so sensitive to this aspect. Furthermore, signals are facing various types of loss in
real-world channels. When other distortions exist together with packet loss, most of the systems will have a large
degradation in performance, and most of the related work does not evaluate the performance of the model in
real-world scenarios. Besides, after front-end speech enhancement algorithms come various downstream tasks
such as automatic speech recognition (ASR), speech emotion recognition (SER), and multi-model large language
models. Improving effectiveness in front-end processing for downstream tasks is also an issue that needs attention.

To handle these problems, this work proposes the GAN-based model to conceal the packet loss. Our main
contributions are as follows:

1. By introducing a state space model and efficient local attention in the generator, our method achieves
a better performance than the baselines while remaining lightweight.

2. By using ASR and speech quality evaluation pretrained models to generate the loss function at the training
stage, we improve the model’s performance in downstream ASR tasks and subjective evaluation experiments.

3. We constructed training data containing bandwidth loss and noise, which is closer to the real-world situa-
tion. Experiments show that our model trained on these data presents a higher robustness in the real-world
data.

2. PROPOSED METHOD

Figure 1 illustrates the GAN proposed in this paper, which is primarily composed of a generator and a discrim-
inator. The generator is responsible for transforming input spectrograms or waveforms into enhanced outputs,
while the discriminator evaluates the quality of the generator’s outputs and generates multi-loss to optimize the
entire network.
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Fic. 1. Structure of proposed generative adversarial network.

The generator is the core component of the network, accepting spectrograms as input, where it is first con-
verted into spectrograms via the short-time Fourier transform (STFT). The spectrograms are then fed into two
separate encoder-decoder paths within the generator. Each encoder and decoder incorporates a Mamba block
for feature modeling and fusion. At the end, the output spectrogram is converted back into a waveform via in-
verse short-time Fourier transform (iISTFT). It is worth mentioning that there is a skip connection between each
encoder and its corresponding decoder.

The discriminator is also a crucial component of this network, whose primary function is to distinguish between
fake waveforms and real waveforms. It takes the output waveforms from the generator and real waveforms as input,
analyzes and evaluates the input data through a multi-layer neural network structure, and outputs a probability
value or feature representation indicating the authenticity of the input data. The discriminator provides the
generator with an adversarial loss function, encouraging the generator to continuously optimize the quality of
the generated waveforms, making them closer to the distribution and characteristics of real waveforms.

Furthermore, WavLM (CHEN et al., 2022) is a transformer (VASWANI et al., 2017) based on a pre-trained au-
dio language model which serves as an auxiliary discriminative component in this system, working alongside the
discriminator as part of a multi-loss calculation framework. WavLM conducts in-depth semantic and feature-level
analysis of input waveforms, leveraging its pre-trained knowledge and feature extraction capabilities acquired from
large-scale audio data to evaluate the differences and similarities between generated and real waveforms from mul-
tiple perspectives. This provides richer supervisory signals during model training, helping the generator produce
waveforms that better align with the semantic and acoustic characteristics of real audio. By enhancing both the
quality and naturalness of the generated audio, WavLM enables the entire model to holistically consider various
factors such as waveform authenticity and semantic features in audio generation tasks.

The entire workflow is as follows. The input waveform is converted into a spectrogram via STFT, and the
spectrogram is fed into the generator. After feature processing by the encoder, the decoders reconstruct the spec-
trogram. Then the output spectrogram is converted back into a waveform via iSTFT. The generated waveform
and the ground-truth waveform are then served as inputs into the discriminator and the pre-trained model
to compute the adversarial loss and audio quality loss, respectively. The total loss is used to update the param-
eters of the generator through backpropagation and gradient descent, progressively improving the generator’s
output quality.

Next we introduce each component of the network in detail.

2.1. GENERATOR

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

2.1.1. ENCODER AND DECODER

The encoder—decoder in Fig. 2 is designed under 3 practical constraints of PLC. First, PLC requires restoring
locally time-frequency patterns such as harmonics. These features are typically disrupted by burst losses. So
we use lightweight convolutions as the main building modules to efficiently capture local structures with low
latency. Besides, accurate inpainting also needs contextual cues beyond a short receptive field, especially when
consecutive packets are missing; therefore, we need to enhance cross-frequency interactions and long-context
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FiG. 2. Structure of encoder.

modeling at the bottleneck, rather than stacking heavy global attention everywhere. Additionally, the model is
intended for real-time or resource-limited deployment, so each additional module must provide clear gains per
computational cost.

Based on these considerations, we adopt a U-Net style encoder—decoder with skip connections to preserve
fine-grained spectral details and to reduce over-smoothing during reconstruction. As illustrated in Fig. 2, the
encoder first applies 2D convolution to extract local time-frequency features, followed by a frequency transformer
block (FTB) (DAI et al., 2024) to strengthen frequency-wise dependency modeling, since packet loss often breaks
spectral continuity across frequency bins. When operating in the first encoder layer (¢ = 1), an additional 2D con-
volution and GLU activation are used to selectively filter informative channels and suppress artifacts introduced
by lossy segments. Subsequently, 1D convolution and layer normalization are employed to capture short-term
temporal correlations and stabilize training. In the second encoder layer (i = 2), we introduce an efficient local
attention (ELA) method (Xu, WAN, 2024) together with a bidirectional long short-term memory (BiLSTM)
near the bottleneck, where the temporal resolution is already reduced; this design allows the model to cap-
ture salient regions and longer-range dependencies with minimal computational overhead. The processed features
are then combined with earlier-stage representations through skip connections, mitigating gradient vanishing and
facilitating multi-level feature fusion.

ELA is an efficient local attention mechanism for deep convolutional neural networks. It improves upon
coordinate attention by using 1D convolution and group normalization to enhance feature representation, avoiding
the generalization issues of batch normalization in coordinate attention and the negative effects of channel
dimension reduction on attention generation. Specifically, as Fig. 3 depicts, ELA first employs strip pooling to
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Fi1c. 3. Efficient local attention.
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extract 1D feature vectors in the horizontal and vertical directions from the input feature map. Given the input
tensor X € REOH*W ' the operations are:

1 H

Xpn(c,w) = E;X(c,i,w), (1)
1 w

Xw(cah) = W __1X(Cah7j)v (2)

where X, e RW and X, e ROH are 2D feature maps (matrices) obtained by average pooling along the height
and width dimensions, respectively. Here, ¢ € {1,...,C'} denotes the channel index, h € {1,..., H} and w € {1,..., W}
denote the spatial indices along height and width, respectively.

After pooling, a 1D convolution is applied along the remaining spatial dimension to capture local contextual
interactions. Specifically, the convolution operates along the width dimension for X} and along the height dimen-
sion for X,,, while being applied independently for each channel. After that, group normalization and Sigmoid
activation functions are used to process the feature maps, generating positional attention predictions for both
directions, given by

Yh U(GN(COHV(Xh)))7 (3)

Yo

a(GN(Conv(Xy))), (4)

where o(-), GN(+), Conv(+) represent the Sigmoid fuction, group normalization, and 1D convolution, respectively.
Finally, the predictions from both directions are combined via a product operation to obtain the final positional
attention map. That is,

Y =X Y, Y,, (5)

where - denotes elementwise multiplication. The attention maps Y}, and Y,, are broadcast along the height and
width dimensions, respectively, before being applied to the input feature map X.

ELA can accurately locate regions of interest without reducing the channel dimension, thus avoiding the loss
of feature information caused by the channel dimension reduction. Additionally, ELA has a lightweight structure
with low computational complexity. For example, in the medical image detection task (SUN et al., 2025; HAO
et al., 2024), the model using ELA as the core component effectively improved the accuracy while having fewer
parameters and computational complexity than the baselines. ELA also shows good generalization ability, stably
enhancing the performance of both large and small networks. For instance, it significantly improves the accuracy
of ResNet series networks (HE et al., 2016) with minimal impact on model parameters (Xu, WAN, 2024). These

conclusions can also be verified in our experiments.

2.1.2. STATE SPACE MODEL BLOCK

Packet loss concealment requires a model to infer missing speech segments from the surrounding context,
particularly under burst loss conditions where consecutive frames are unavailable. While convolutional layers are
effective at modeling local structures, their receptive field grows slowly with depth, and recurrent or attention-
based modules often incur high computational costs. To address this challenge, we introduce a selective state space
model (SSM) based on the Mamba architecture (GU, DAO, 2023) as a core temporal modeling component in the
generator. Its detailed description is shown in Fig. 4.

The key motivation for using Mamba lies in its ability to model long-range temporal dependencies with
linear computational complexity. Unlike Transformer-based attention, whose cost scales quadratically with the
sequence length, the state space formulation allows efficient propagation of contextual information across long
time spans, which is particularly important for reconstructing speech segments affected by continuous packet
losses. Moreover, the selective mechanism in Mamba enables the model to dynamically control information flow,
allowing it to emphasize informative regions while attenuating the less relevant context.
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In our architecture, the Mamba block is placed within the encoder—decoder pipeline to complement convo-
lutional feature extraction. While convolutional layers and ELA focus on local time-frequency structures, the
Mamba block aggregates long-range temporal information across frames, thereby improving the continuity and
naturalness of reconstructed speech. This design allows the proposed model to effectively handle both short
and long packet losses while maintaining a favorable trade-off between performance and computational efficiency.

2.2. DISCRIMINATOR

Inspired by YANG et al. (2024), we employed a multi-scale discriminator architecture which is shown in
Fig. 5 as the core component of the adversarial training framework to optimize the generator’s performance. This
discriminator consists of three independent sub-discriminators D;, Dy, D3, each designed with inspiration from
MelGAN (KUMAR et al., 2019). Specifically, each sub-discriminator comprises seven convolutional layers, with
the first four layers featuring downsampling capabilities to progressively compress the spatiotemporal resolution
of the input signal and capture multi-scale features. The input to the discriminator undergoes differentiated
processing: D receives the raw waveform, Dy processes a 2 times downsampled waveform, and D3 analyzes
a 4 times downsampled waveform. This design enables the generator to maintain consistency across different
temporal scales, thereby enhancing the naturalness of the output speech and its spectral coherence. Furthermore,
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the multi-level feature output by the discriminator are used to compute the adversarial loss and feature loss. The
former optimizes the generator by minimizing the difference between generated and real samples, while the latter
constrains the generator to align its intermediate-layer feature distribution with that of real data.

2.3. WavLM

The architecture of WavLM (CHEN et al., 2022) is shown in Fig. 6, and it is composed of a CNN encoder and
a transformer encoder, with the latter incorporating gated relative position bias (CHI et al., 2022) to better capture
the sequence order of input speech. The CNN encoder is tasked with extracting features from the input waveform.
It consists of 7 temporal convolutions, each followed by layer normalization and a GELU activation layer. The
convolutional kernels have 512 channels, with strides of (5, 2, 2, 2, 2, 2, 2) and widths of (10, 3, 3, 3, 3, 2, 2),
ensuring that each output represents approximately 25 ms of audio with a stride of 20 ms. The features x
extracted by the CNN are masked and then fed into the transformer encoder as input. At the bottom of the
transformer encoder is a convolution-based relative position embedding layer (RAFFEL et al., 2020) with a kernel
size of 128 and 16 groups. To enhance model performance, WavLLM introduces gated relative position bias, which
is encoded based on the offset between the key and the query in self-attention. Specifically, for the input hidden
states {hi};ﬂl, each h; is linearly projected into a query, key, and value (q;,k;,v;). Here, h; € RP denotes
the hidden representation at a time step ¢ output by the WavLM transformer encoder, where D is the hidden
dimension of the pre-trained model. In our implementation, we use WavLM base, for which D = 768. The
self-attention outputs are calculated by incorporating attention logits with gated relative position bias r;_;.
The calculations are:

gi(update)7gi(reset) = o(q;-u),0(q; - W), (6)
"Fi—j - w- gi(reset) . di—j, (7)
rij = di—j i gEupdate) . di—j " (1 _ gi(update)) "Fi—j, (8)

where u and w are the learnable parameter tensors with the same dimensions as the query representation q;,
the dot product in Eq. (6) denotes an inner product that produces scalar gating values, and o(-) represents
sigmoid function. The gating mechanism allows the relative position bias to be dynamically adjusted based on
the current speech content. Additionally, d;_; is calculated using bucketed relative position embeddings, with
its range varying according to the offset. Consequently, WavLM learns rich speech representation capabilities
through its pre-training framework of masked speech denoising and prediction, enabling it to capture multi-level
information in speech signals, such as content, speaker characteristics, and environmental noise.

/ CNN encoders \

Lo

X1 \M \M \M X5 Xg
Transformer encoder with
gated relative position bias

Extracted l l l l l l
features KZI D W & - Zﬁ/

F1G. 6. Structure of WavLM.
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In our task, using the deep features extracted by WavLM to compute the loss function can guide the model to
not only focus on waveform-level matching but also optimize higher-level semantic and perceptual characteristics
of speech. The WavLM-based loss can measure the distribution difference between enhanced speech and clean
speech in the latent space, thereby avoiding the over-smoothing issues that may arise from low-level metrics,
resulting in more natural enhanced speech with better-preserved details.

2.4. Loss

The loss function of our model adopts an adversarial training approach, combining multiscale STFT loss,
generator adversarial loss, feature loss, and pre-trained model loss. The total loss function can be expressed as

L= ACMSTFT + Egdv + >\fo + Epre; (9)

where Ay = 100, which is used to balance the weight of feature loss.
The multi-scale STFT loss LysTeT 18

_ 5, (1s(y, ) = (G (), 6| . 1 5(y, O
LMSTFT'E“’”%W[Q( 5 (y 6m) |1 *NHlogswm,em)H)]’ (10)

where s(G(z), 0,) represents the STFT magnitude spectrum of the output signal G(z) under the parameter 6,,,
|||l and || - || denote the Frobenius norm and ¢; norm, respectively, and N is the number of elements in the
magnitude spectrum. The multi-scale parameters 6,,, cover different FFT sizes (512, 1024, 2048) and hop length
(50, 120, 240). The logarithm in Eq. (10) is elementwise.

The generator adversarial loss Lg 4, and feature loss Ly are:

L5, = E,.,, [;{ ™ max(0, 1 -Dk(g(x)))], (11)
k
Ly = Eay)paaa lI;L ;; 1D (y) -DL(Q(’I))Ih], (12)

where p, is the distribution of lossy speech, pgata denotes the empirical joint distribution of lossy speech and
clean speech from the training dataset, K is the number of discriminators (K = 3), L is the number of layers in
the discriminator, and ch denotes the feature output of the I-th layer in the k-th discriminator. This loss design
achieves noise-robust bandwidth extension by jointly optimizing time-frequency domain reconstruction accuracy
(STFT loss) and adversarial training (adversarial loss and feature loss).

The pre-trained model loss Ly, is the KL divergence between the output features of prediction = and ground
truth y from WavLM.

2.5. DATASETS

We used clean speech data and noise data from 2023 DNS challenge (DUBEY et al., 2024) and VCTK (YAMA-
GISHI et al., 2019), and WHAM! (WICHERN et al., 2019) in the training phase of the model. We first added noise
to the clean speech data with a probability of 0.5, making the SNR of speech in the range of -10dB to 0dB, and
then randomly masked it to simulate the packet loss effect, with a mask window length of tyi, € [20,120] [ms].
We synthesized a total of 300000 samples, each of which was normalized to a length of 5s and resampled to
16 kHz, with a total duration of 416.67 h. During training, we used 90 % of the data as the training set and 10 %
as the validation set.

In the testing phase, we used the blind test set from the 2022 PLC challenge (DIENER et al., 2022) and
the last 5 speakers in the VCTK dataset (YAMAGISHI et al., 2019) for testing. For the VCTK test data, we
set the duration of lost packets to a multiple of 20ms, and the maximum packet loss time length to 120 ms,
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equivalent to 6 consecutive packets. The distribution of lost parts when the packet loss rate is in the range
of 10% to 40 % is completely based on the settings in (ATRONI et al., 2023). In addition, we used real speech
collected from the wireless communication system of marine ships to evaluate the performance of the model in
real scenarios. According to the coarse estimation, in this dataset, the packet loss rates approximately range from
0% to 40 % with burst durations ranging from 0ms to 100 ms. We made this part of the data public on this link".

2.6. DETAILED CONFIGURATIONS

During model training, we employ the Adam optimizer (with 8; = 0.8 and f2 = 0.999) to jointly optimize
the generator and discriminator under a fixed learning rate of 1 x 1073, The training is conducted on 2 NVIDIA
RTX3090 GPUs for 100 epochs, and the checkpoint achieving the best performance on the validation set is
selected for testing. For the STFT configuration in our network, the FFT size is set to 512 with a hop length
of 128. In addition, we used the WavLM base pre-trained model provided by the official repository? to generate
pre-trained model loss.

2.7. EVALUATION METRICS

In the evaluations of the model, we selected a set of multidimensional metrics to comprehensively measure
speech quality, comprehensibility, and recognition performance. Specifically, we conducted tests on the following
metrics in the experiments.

DNSMOS (REDDY et al., 2022) is an objective speech quality evaluation index based on neural networks,
which simulates human subjective auditory perception using deep networks. PLCMOS (DIENER et al., 2023), like
DNSMOS, is based on neural networks. The difference is that it focuses on evaluating the quality of packet loss
concealment in communication scenarios, modeling through perceptual linear prediction coefficients and auditory
masking effects. Its calculation process considers the frequency band energy distribution and psychoacoustic
characteristics. The range of values for these two metrics is 1 to 5, and they are both non-intrusive, which means
that no reference signal is required during the evaluation.

Additionally, we employed the PESQ (Rix et al., 2001), a widely used objective metric in the field of speech
enhancement. PESQ is an objective speech quality assessment method based on the human auditory model,
primarily used to measure the perceptual quality of speech signals after processes such as encoding or decoding,
transmission, or noise reduction. Its output scores typically range from —0.5 to 4.5, with higher scores indi-
cating better quality. We also used STOI (TAAL et al., 2011), which focuses on the objective evaluation of
speech intelligibility. By analyzing the time-frequency characteristics of speech signals, STOI predicts how easily
a listener can understand the speech, with scores ranging from 0 to 1, and a score closer to 1 indicates higher
intelligibility. It is worth mentioning that both metrics require reference signals for testing.

On the other hand, we randomly selected 25 native English-speaking males and 25 native English-speaking
females online and asked them to listen to speech signals processed by different models to obtain mean opinion
score (MOS). This subjective evaluation follows the MOS listening test in accordance with the general guidelines
of ITU-T Recommendation P.800. MOS is a subjective evaluation metric where human listeners rate speech
quality based on auditory perception, typically on a scale from 1 (poor) to 5 (excellent), directly reflecting
subjective human perception. The average of all individual scores was taken as the final metric.

In order to measure the impact of different models on downstream tasks, we use speech processed by these
models for ASR and use the word accuracy (WAcc) as an indicator. We use the same ASR model for all methods.

2.8. BASELINE MODELS

We tested the proposed model and all the models submitted to the PLC Challenge (DIENER et al., 2022)
on the blind test set provided by the challenge, and all training and testing conditions were kept consistent.

Thttps://drive.google.com /file/d/182xM10768kH3ntOO8C vNIOqY Z0IR4cu/view ?usp=sharing
2https://github.com/microsoft /unilm/tree/master /wavim
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In addition, we compared 3 traditional algorithms: Opus (VALIN et al., 2016), WebRTC (BLUM et al., 2021),
EVS (LECOMTE et al., 2015), and several deep learning-based models such as PLAAE (PASCUAL et al., 2021),
TFGAN (WANG et al., 2021), bin2bin (AIRONI et al., 2023) based on generative adversarial networks, a model
based on recurrent neural networks (LOTFIDERESHGI, GOURNAY, 2018), and the MFM pre-training method
and the model in (YANG et al., 2023) on VCTK and our collected speech datasets. We adopted the settings
claimed in the papers of these models and retrained and reimplemented them when necessary. We also referred
to the experimental results in (AIRONI et al., 2023).

3. EXPERIMENT RESULTS

Table 1 presents a comparison of the performance of different models based on the 2022 PLC challenge blind
test data, focusing on key metrics such as PLCMOS, DNSMOS, CMOS, and WAcc, where CMOS is defined by

CMOS = MOS - MOS jean- (13)

TABLE 1. Performance comparison based 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 unknown, team
numbers are used to represent the models.

In PLCMOS, which evaluates the quality of inpainting, the score of clean speech is 4.51. The proposed model
achieves 4.34, the closest to the reference among all teams, significantly outperforming others like #12 at 4.28
and #1 at 3.74. This highlights the model’s ability to maintain signal quality close to the ideal reference. For
DNSMOS, measuring overall audio quality, the reference’s score is 3.89. The proposed model scores 3.85, again
leading other teams such as #9 at 3.68 and #14 at 3.69. This indicates the model’s effectiveness in preserving
audio quality. As for CMOS, which indicates the subjective feeling of human beings’ distortion, the reference
is 0. The proposed model’s score of —0.42 is much closer to zero compared to teams like #6 at —1.31 and
#11 at —1.10, showing a better experience brought to the listeners. Finally, in WAcc, the ASR performance
metric, the reference is 0.98, and the proposed model attains 0.89, surpassing other teams like #12 at 0.85 and
#1 at 0.84. This shows the proposed model demonstrates superior performance across all key metrics, effectively
balancing signal quality, audio fidelity, and minimal distortion, making it the best solution among these models.
With a parameter number of 1.71M, our model achieves a PLCMOS score of 4.34, a DNSMOS score close to
3.85, and an impressive WAcc of 0.89, outperforming all other models across these three dimensions. Besides,
model #1, with a parameter number of 5.90M, which is nearly three times that of our model, only reaches
a WAcc of 0.85, while its PLCMOS and DNSMOS scores show no significant advantage. Model #12, with 2.36 M
parameters, which is still 0.65M more than ours, achieves a WAcc of approximately 0.85, and its PLCMOS and
DNSMOS performance is also lower than our model. Model #14, with 4.97M parameters, also fails to match our
model’s levels in PLCMOS, DNSMOS, and WAcc. Similarly, model #6, with 3.77M parameters, lags behind
our model in all three key metrics.

Table 2 compares the average performance of different methods on the VCTK dataset, including traditional
methods and learning-based approaches, with performance evaluated using PESQ and STOI metrics. Among
the traditional methods, EVS achieves the best performance with a PESQ of 1.89 and an STOI of 0.78. Among the
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TABLE 2. Average performance comparison based on VCTK data.

Type Method PESQ STOI
Opus 1.77 0.77
Traditional WebRTC 1.70 0.70
EVS 1.89 0.78
PLAAE 2.04 0.84
TFGAN 1.97 0.81
Learning-based 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).

learning-based baseline models, bin2bin demonstrates the strongest performance in both metrics. The proposed
model achieves a PESQ of 3.07 and an STOI of 0.91. Compared to EVS, the proposed model improves PESQ by
1.18 and STOI by 0.13, and compared to bin2bin, it increases PESQ by 0.35 and STOI by 0.03. This indicates
that the proposed model surpasses all baseline models in both key metrics, fully demonstrating its significant
advantages in enhancing speech quality and intelligibility.

Figure 7 shows the spectrograms output by the bin2bin model and the proposed model. There are a large
number of obvious blank stripes in the lossy speech spectrogram, which represent the packet loss caused by
compression or transmission. Although the bin2bin model improves the spectral structure of the lossy speech,
there are some sparse noises in the red box that do not conform to the speech characteristics. This shows that the
model has a certain effect in hiding packet loss, but fails to improve the overall quality of speech. At the same
time, there is an obvious discontinuity in the red oval area below the red box, indicating that the model is still
insufficient in recovering low-frequency local details. On the contrary, the speech output by the proposed model
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does not have any non-speech features in the area within the red box, where it is replaced by a more continuous
and smooth speech spectrum structure. In the high-frequency area above 3000 Hz, the energy distribution of
the spectrogram is more uniform, and the details are richer, indicating that the proposed model can effectively
recover the high-frequency details of the speech signal. In addition, the low-frequency part of the red circular area
has a smooth transition, indicating that the proposed model generates natural and highly intelligible speech
features. In general, the proposed model can effectively remove periodic noise and random noise caused by the
nonlinear mapping of neural networks while restoring key details of speech. This is due to the network’s ability
to accurately model the time-frequency structure of speech signals, which enables high-fidelity restoration of the
original signal.

Table 3 presents the overall quality scores of the output speech under different packet loss rates and maximum
burst loss durations. This score is the average of DNSMOS, PLCMOS, PESQ, STOI, and WAcc after they
are normalized to [0,1]. The test data is VCTK. This normalized average is used only as an auxiliary indicator
to illustrate overall trends across different loss conditions and is not intended to replace the interpretation of
individual metrics, which are reported and discussed separately in other cases. The data in the table reflects the
dual impact of the packet loss rate and the burst loss duration on speech quality, with an overall trend showing
that as the packet loss rate increases and the burst loss duration extends, the output speech quality gradually
declines.

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

. Loss rate [%)]

Maximum burst loss [ms] 10 20 30 10
20 0.89 0.85 0.82 0.78

40 0.86 0.81 0.80 0.77

60 0.82 0.80 0.76 0.73

80 0.79 0.75 0.73 0.70

100 0.76 0.72 0.69 0.67

120 0.74 0.70 0.66 0.62

As the packet loss rate increases, the restoration quality gradually degrades across all burst loss settings,
indicating that a higher loss frequency poses a greater challenge even when the burst duration is limited. For a fixed
packet loss rate, increasing the maximum burst loss duration leads to a more pronounced degradation in quality,
reflecting the difficulty of reconstructing longer consecutive missing segments. Notably, the degradation caused
by the burst loss duration is more severe at higher loss rates, suggesting a compounding effect when the frequent
and prolonged packet loss occurs simultaneously. These trends indicate that the proposed model is robust to the
moderate packet loss and short bursts, while its performance degrades gracefully as loss conditions become more
extreme, which is consistent with practical communication scenarios.

Figure 8 further illustrates the phenomenon of speech quality variation with the burst loss duration, as shown
in Table 3, through spectrogram visualization. When the burst loss duration is 20 ms and 40 ms, the continuity
and details of the spectrogram remain relatively clear, with high-frequency components well preserved, which
aligns with the higher quality scores under the corresponding conditions in Table 3. At this point, the main
characteristics of the speech signal are retained, and despite a certain degree of packet loss, the network’s recovery
mechanism still maintains good speech quality. As the burst loss duration increases to 100 ms and 120 ms, the
spectrogram begins to show distinct vertical noise streaks and blurred spectral structures, particularly in the high-
frequency range (above 4000 Hz). This reflects that prolonged continuous packet loss causes more severe damage
to the speech signal, leading to a decline in the quality scores of the output speech in Table 3. Moreover, comparing
spectrograms under different packet loss rates reveals that, under the same burst loss duration, a higher packet
loss rate results in more noise and missing segments in the spectrogram, along with greater loss of spectral details.
For example, at a 20 ms burst loss duration, the spectrogram continuity at a 10 % packet loss rate is significantly
better than at a 40 % packet loss rate, which is consistent with the decreasing trend in the same row of data, in
Table 3 as the loss rate increases.
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Figure 8 and Table 3 jointly reveal the dual-impact mechanism of the burst loss duration and packet loss rate
on speech quality. Short burst losses primarily affect the details of the speech signal, while prolonged burst losses
disrupt the continuity and integrity of the speech signal. An increase in the packet loss rate exacerbates this dam-
aging effect, leading to more spectral information loss. Together, these dual influences determine the performance
of packet loss concealment systems under different conditions.

Table 4 reports the performance of different packet loss concealment methods on the collected real-world data,
reflecting the quality of the restored speech signals. Compared with the degraded input, all PLC methods provide
noticeable improvements, indicating that packet loss concealment is effective under practical communication
conditions. Traditional codecs such as Opus, WebRTC, and EVS achieve modest gains, with PLCMOS values
in the range of 3.12-3.21 and MOS around 3.11-3.24, which reflects the limited capability of their built-in PLC
mechanisms in handling combined packet loss and noise. In contrast, learning-based approaches consistently
outperform codec-based methods; for example, bin2bin improves PLCMOS to 3.68 and MOS to 3.62, while MFM
further increases DNSMOS to 3.52. The proposed model achieves the best overall performance. These results
indicate that jointly modeling packet loss concealment and noise suppression is particularly beneficial for real-
world scenarios, enabling the proposed model to deliver more natural and intelligible restored speech than both
traditional codecs and existing learning-based methods.

TABLE 4. Test results based 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 5 shows the results of an ablation study designed to evaluate the impact of different components and
training strategies on model performance. The item column lists various experimental configurations, including
the original setup and several variants where specific components or training methods are removed. The data
show that when adversarial training is absent, all three metrics decrease compared to the original setup, indicating
that adversarial training positively contributes to improving various aspects of speech quality. For the case without
LyvstrT, the PLCMOS and DNSMOS decline, with PLCMOS dropping significantly from 3.88 in the original
setup to 3.62, suggesting that LysTrr plays a crucial role in inpainting. In the absence of Lp., PLCMOS and
DNSMOS show minimal changes, while MOS decreases from 3.75 in the original setup to 3.65. This implies that
Lpre has little effect on the objective metrics of speech quality but significantly impacts the overall MOS, which
may encompass broader considerations such as subjective evaluations or downstream task accuracy. In other

TABLE 5. Results of the ablation study.

Item PLCMOS DNSMOS MOS

Without adversarial training 3.77 3.60 3.63
Without LyisTRET 3.62 3.55 3.59
Without Lpre 3.86 3.66 3.65
Without mamba block 3.76 3.61 3.66
Without ELA 3.82 3.65 3.69
Original setting 3.88 3.67 3.75
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words, Ly may be important for certain subjective or downstream task performance but does not markedly
improve objective speech quality metrics. When the Mamba block is removed, both PLCMOS and DNSMOS
decrease compared to the original setup, with DNSMOS dropping from 3.67 to 3.61, demonstrating that it
contributes positively to the modeling of long sequences. When it comes to ELA, PLCMOS decreases from 3.88
in the original setup to 3.82, and DNSMOS decreases from 3.67 to 3.65. This may suggest that ELA has a slightly
negative effect on PLCMOS but a positive effect on DNSMOS. Overall, the original setup performs best when
considering all factors. This indicates that the components and training strategies in the original setup work
synergistically to achieve optimal performance across multiple dimensions.

4. CONCLUSION

In this work, we proposed an efficient audio inpainting model based on a GAN framework with a selec-
tive state space model and adversarial training, achieving robust packet loss concealment while maintaining
light-weight. By integrating Mamba blocks for efficient long-sequence modeling and ELA attention for local fea-
ture refinement, our model outperforms existing methods in both objective metrics and subjective evaluations,
particularly in noisy and bandwidth-limited scenarios. The inclusion of WavLM-based perceptual loss further
enhances speech quality and intelligibility for the downstream ASR task. Experiments on real-world and bench-
mark datasets demonstrate our model’s superior performance and generalization ability, making it a practical
solution for real-time speech communication systems. Our future work will explore further optimization for edge
devices and extension to broader speech enhancement applications.
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