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ABSTRACT

Recent advancements in end-to-end neural speech codecs en-
able compressing audio at extremely low bitrates while main-
taining high-fidelity reconstruction. However, low compu-
tational complexity and low latency remain crucial for real-
time communication. In this paper, we propose VoCodec,
an audio codec model featuring a computational complexity
of only 349.29 M multiply-accumulate operations per second
(MAC/s) and a latency of 30 ms. Additionally, we cascade
a neural network for speech enhancement at the front end to
extend its capabilities of noise reduction and dereverberation.
Experimental results demonstrate that the two systems deliver
superior performance across multiple evaluation metrics.

Index Terms— audio codec, low computational resource,
low bitrate, generative adversarial network, speech enhance-
ment

1. INTRODUCTION

Recently, audio codec models have achieved significant
progress in recovering high-quality speech at low bitrates
[1]. However, existing models with excellent performance
often suffer from two critical drawbacks: high computational
complexity and non-causality, rendering them unsuitable for
real-time communication [2, [3]. Track 1 of the 2025 Low-
Resource Audio Codec (LRAC) Challenge focuses on audio
compression that balances low latency, low bitrate, and high
speech quality under constrained computational resources.
Track 2 further takes the interference from noise and rever-
beration in real-world scenarios into account.

In this paper, we introduce our two systems submitted to
the challenge. The system for Track 1, named VoCodec, is
an audio codec model requiring low computational resources.
Based on Vocos [4]], we construct VoCodec’s encoder and de-
coder. To reduce computational overhead and latency, audio
codec is performed directly in the time-frequency domain and
all upsampling and downsampling operations are eliminated
in the encoder and decoder. For Track 2, UL-UNAS [3]], a
lightweight model for speech enhancement is cascaded at the
front end of VoCodec to equip our whole system with speech
enhancement capability.

TEqual contribution.
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Fig. 1: The architecture of the proposed model

2. PROPOSED MODEL

2.1. Architecture
Based on the VQ-GANs framework [6l], the architecture
of the proposed VoCodec is depicted in Figure [l Given
a speech signal x, it is first passed through the Short-Time
Fourier Transform (STFT). Then the logarithmic magnitude
and phase of the complex spectrogram are concatenated along
the frequency dimension. To reduce the computational com-
plexity, a fully connected layer is employed to reduce the
input’s frequency dimension to 192.

The subsequent encoder follows the improved Vocos ar-
chitecture in WavTokenizer[7]], which consists of 6 stacked
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ConvNeXt blocks and a PosNet module. 1D convolution with
causal padding is used and the inverted structure from Con-
vNeXt is retained with an intermediate dimension of 216.
A kernel size of 7 is employed for the depth-wise convolu-
tional layers. The PosNet incorporates 4 basic ResNet blocks
using a kernel size of 3 and a causal self-attention block is
added after the second ResNet block. For the decoder, it is al-
most a mirror-symmetric structure of the encoder. However,
to constrain the receiver-side’s computational complexity, the
inverted design from the ConvNeXt is removed, and the num-
ber of groups in the convolutions of the ResNet blocks is set
to 2.

VoCodec’s quantizer uses the Residual Vector Quantiza-
tion (RVQ) strategy [8]. Following the improved RVQ pro-
posed in DAC [2], the quantizer of our model is applied with
6 layers, each containing 1024 codewords. With an encoder
frame rate of 100 Hz, this corresponds to 1 kbps per layer, and
6 kbps in total.

Since we perform audio codec in the time-frequency do-
main, intuitively, the multi-scale STFT discriminator [9]] can
further improve the quality of the output audio. A set of win-
dow lengths [128, 256, 512, 1024, 2048] is used, and the hop
length is fixed to the window length / 4. Moreover, only this
discriminator is employed throughout the training process,
while other types (e.g. MSD and MPD) are not used.

2.2. Loss Functions

When training UL-UNAS, we apply the negative scale invari-
ant SNR (SI-SNR) [10] loss and the power-compressed spec-
turm loss as the loss functions.

For VoCodec, the generator 108S Lgeperator COMprises
three components: the multi-scale mel-spectrogram L1 loss
[2] as the reconstruction loss L., the adversarial loss L
with the L1 feature matching loss L4 involved, the same
codebook L.,4. and commitment loss L. in VQ-VAE [11]
for codebook updates. The discriminator is trained separately
with the adversarial loss L,. Formally,

Lice = ”M (33) -M (‘i‘)||1 (D
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where x and & denote the target and reconstructed speech,
respectively, M(-) is the mel-spectrogram transform, D(-)
is the discriminator output, D'(-) represents the feature map
of the [-th discriminator layer, z. is the quantizer output,
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Table 1: Latency and computational complexity of the Track
1 baseline system.

Transmit Side Receive Side  Overall
Encoder RVQ Decoder
Buffering Latency (ms) 10 0 0 10
Algorithmic Latency (ms) 0 0 20 20
Compute Complexity MMACs)  194.56  1.96 144.82 349.29

Table 2: Latency and computational complexity of the system
for Track 2.

Transmit Side Receive Side  Overall
SE Encoder RVQ Decoder

Buffering Latency (ms) 0 10 0 0 10

Algorithmic Latency (ms) 20 0 0 20 40

Compute Complexity (MMACs) 935.36  194.56 1.96 144.82 1284.66

and ey is the codebook vector. During training, the mel-
spectrograms are computed with multiple window lengths of
[32, 64, 128, 256, 512, 1024, 2048] and a fixed hop length set
to window length / 4. Meanwhile, different mel bin sizes of
[5, 10, 20, 40, 80, 160, 320] are employed.

Finally, we assign loss weights of 15.0 for the multi-scale
mel-spectrogram loss, 1.0 for the feature matching loss, 2.0
for the adversarial loss, and 1.0, 0.25 for the codebook and
commitment loss, respectively.

2.3. Two Training Stages
We first train the speech enhancement network UL-UNAS

and the codec model VoCodec independently. After their
training is completed, we use UL-UNAS as the front end to
perform noise suppression and dereverberation on the input
audio. Subsequently, we freeze the parameters of UL-UNAS
and only update the parameters of the entire codec model to
enable it to compensate for the spectral distortion caused by
the enhancement network.

3. EXPERIMENTAL AND RESULTS
3.1. Training Data Preparation
All training data follow the cleaning and preprocessing proce-
dures defined in the baseline of the Challengeﬂ Considering
the attention module in the codec model, we extract 3-second
speech segments for training VoCodec.

During the training process of UL-UNAS and the final
cascade system, each speech sample is combined with back-
ground noise, where signal-to-noise ratio (SNR) is uniformly
distributed between -5 dB and 30 dB. In addition, reverber-
ation is randomly introduced, and the final training target is
speech signals with early reverberation.

3.2. Implementation Details

STFT is computed using a square root Hanning window of a
length of 30 ms, a hop length of 10 ms, and an FFT length of
720, resulting in a buffering latency of 10 ms and an algorith-
mic latency of 20 ms due to the inverse STFT processing.

Ihttps://github.com/cisco-open/lrac_data_
generation

21


https://github.com/cisco-open/lrac_data_generation
https://github.com/cisco-open/lrac_data_generation

Table 3: Performance Comparison on the Open Test Set for Track 1

Bitrate Model Condition ScoreQ-ref | UTMOS 1T Sheet-SSQA T PESQ1T Audiobox AE-CE 1
Clean 0.35 3.23 3.84 2.67 5.28
Baseline Noisy 0.82 2.76 3.12 1.81 4.37
6 kbps Reverb 1.13 1.32 2.22 1.18 3.43
Clean 0.17 3.73 4.22 3.20 5.66
VoCodec Noisy 0.70 3.10 343 2.03 4.82
Reverb 0.94 1.55 2.80 1.21 3.98
Clean 1.15 1.44 1.84 1.15 3.90
Baseline Noisy 1.29 1.33 1.72 1.11 3.40
Reverb 1.36 1.26 1.85 1.07 2.94
1 kbps
Clean 0.40 3.24 3.55 1.95 5.31
VoCodec Noisy 0.83 2.67 2.93 1.56 4.43
Reverb 1.10 1.48 2.19 1.17 3.59
Table 4: Performance Comparison on the Open Test Set for Track 2
Bitrate Model Condition ScoreQ-ref | UTMOS 1T Sheet-SSQA T PESQ1T Audiobox AE-CE 1
Clean 0.43 2.97 3.55 2.13 2.97
Baseline Noisy 0.75 2.56 292 1.73 4.60
Reverb 0.92 1.79 2.67 1.29 4.25
6 kbps
Clean 0.18 3.74 4.21 3.06 5.68
VoCodec Noisy 0.50 3.26 3.62 2.19 5.00
Reverb 0.88 2.02 2.70 1.38 4.20
Clean 1.01 1.37 2.07 1.21 3.96
Baseline Noisy 1.15 1.35 1.95 1.18 3.70
Reverb 1.12 1.32 2.43 1.15 3.55
1 kbps
Clean 0.41 3.21 3.50 1.92 5.29
VoCodec Noisy 0.68 2.81 3.00 1.63 4.75
Reverb 1.04 1.75 2.20 1.26 3.95

As shown in Table [T} our proposed VoCodec comprises
3.47 M parameters and has a computational complexity of
349.29 MMAC/s EL with the receiver-side computation ac-
counting for only 144.82 MMAC/s. In Track 2, we adopt
the same network architecture from UL-UNAS [5]], and scale
up the number of intermediate channels to [48, 96, 108, 108,
64], which results in a computational complexity of 935.36
MMAC/s. The whole system has a computational complexity
of 1.28 GMAC/s with 5.34 M parameters shown in Table [2]
The total latency is 50 ms, of which 20 ms is attributed to the
additional look-ahead in UL-UNAS.

We train UL-UNAS and VoCodec independently on 8
NVIDIA RTX 4090 GPUs. The batch size for UL-UNAS
is set to 4 per GPU, while that for VoCodec is 24 per GPU.
UL-UNAS and VoCodec are trained for 400 and 1000 epochs,
with 1250 and 500 iterations per epoch, respectively. During
training, we use the AdamW optimizer [12] and employ a

2The computational complexity is calculated by ptflops: https://
github.com/tel-0s/ptflops
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linear warmup scheduler followed by cosine annealing. In
the joint training phase, we adopt the same configuration as
used in the training of VoCodec, and conduct the training
process for a total of 500 epochs.

Meanwhile, we employ a systematic strategy to select the
final checkpoint of the model. The validation objective met-
rics are evaluated at regular intervals during training and the
checkpoint with the best performance is selected.

3.3. Results
Evaluation on the test set is conducted using the official met-
rics provided by the Challenge. Scoreq-ref [13], UTMOS
[14], Audiobox AE-CE [15], PESQ [16], and Sheet-SSQA
[[17, [18] are selected to compare the quality and naturalness
of speech recovered by the decoder of the codec.

The experimental results are summarized in Table [3] and
Table ] It can be seen that our two systems outperform the
official baseline modelsﬂ across all metrics, particularly on the

3https://github.com/cisco-open/espnet/tree/
master/egs2/lrac
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clean and noisy test sets.

4. CONCLUSION

This paper introduces VoCodec, an efficient lightweight
speech codec, and our two systems in the LRAC 2025 Chal-
lenge. Experiments show that our systems achieve superior
performance over the baseline models.
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