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Ø Overall Architecture: VoCodec

1. Method
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Neural Speech Coding and Enhancement

• Generator: Causal Vocos backbone
• Discriminator: Multi-scale STFT discriminator (MSSTFTD)
• Quantization: 6-layer RVQ with 1kbps per layer at 100Hz

• Training Loss for Track 1 (codec for clean speech):
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• For the generator:

• For the discriminator:



Ø Design Principles
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• Operating in time-frequency (T-F) domain:

• Causal Vocos backbone:

• Discriminator Choices: 
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• Clear harmonic structure of speech in the T-F domain.
• The temporal dimension is downsampled before entering the encoder, 

thereby reducing the computational complexity.

 

• Why MSSTFTD: The generator directly operates in the T-F domain.
• Why only MSSTFTD: 

Preliminary experiments indicate that incorporating other discriminators 
(e.g., multi-period discriminator) leads to a significant performance 
degradation.

 

• Vocos backbone with causal convolution.
• Masked attention module.

Model Epochs PESQ

VoCodec
(only MSSTFTD)

200 2.77

VoCodec
(MSSTFTD + MPD)

200 2.26

Our findings suggest that aligning the 
operational domains of the generator and 
the discriminator is crucial for achieving 
optimal performance.



Ø Progressive Refinement (PR) Training
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• Motivation

• Stage 1

•  Preliminary experiments indicate that the joint coding and enhancement 
model trained in an end-to-end manner yields sub-optimal performance.

• The presence of noise and reverberation interferes with the learning process 
of the clean speech codebook.

Teacher
Encoder

clean speech

RVQ Teacher
Decoder

Stage 1 clean speech reconstruction

reconstructed speech

ü Train a speech codec model with high 
reconstruction quality.

ü Obtain codebooks for clean speech.
🔥 🔥

🔥



Ø Progressive Refinement (PR) Training
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• Stage2

• Stage 3

Teacher
Encoder

Student
Encoder

clean speech

noisy mixture

RVQ

reconstructed speech

Teacher
Decoder

Stage 2

❄

❄
❄🔥

latent embedding alignment 

Student
Encoder

noisy mixture

RVQ Student
Decoder

Stage 3

❄
❄ 🔥

reconstructed speech

ü Performing enhancement 
at the latent embedding level.

ü Preventing the codebook from 
being corrupted.

Training Loss:

clean speech reconstruction

ü Strengthening the decoder’s resilience 
to imperfect latent embedding



Ø Experimental Setup
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• Training Data Preparation
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• All above training data follow the cleaning and preprocessing procedures defined by the challenge.
• For track1, 3-second clean speech segments are extracted during training.
• For track2, each clean speech segment is mixed with noise with 80% probability, with the SNR uniformly 

distributed in the range of [-5, 30] dB; reveberation is introduced with 50% probability.



Ø Experimental Setup
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• Configuration
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Model Params (M) MACs/s (M) Latency (ms)

Encoder 1.95 194.56 10*

Quantizer 0.02 1.96 0

Decoder 1.50 144.82 20**

VoCodec 3.47 349.29 30

• Track1

• Trained on 8 NVIDIA RTX 4090 GPUs, with the batch size 
set to 24 per GPU (192 in total).

• Training procedure lasts for 1000 epochs, with 500 iterations per 
epoch.

STFT & iSTFT: win_length = 720 (30ms), hop_length = 240 (10ms), n_fft = 720
* The buffering latency of 10ms is introduced by the STFT operation.
** The algorithmic latency of 20 ms is introduced by the iSTFT operation.



Ø Experimental Setup
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• Configuration
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Model Params (M) MACs/s (G) Latency (ms)

Encoder 9.54 9.49 10 + 20***

Quantizer 0.02 0.002 0

Decoder 2.81 2.81 20

Student 12.37 1.25 50

• Track2

*** The additional algorithmic latency of 20 ms is introduced by the lookahead 
requirements in the encoder.

• Using VoCodec for track1 as the teacher model.
• Stage2: trained for 500 epochs, with a total batch size of 40.
• Stage3: trained for 200 epochs, with a total batch size of 192.



Ø Results on Track1
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• Results on the open test set
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• Results on the blind test set

• Outperforming the official baseline across all metrics.

• Ranking 4th on the final blind test set.
• Achieving the highest MUSHRA scores on the clean speech set.



Ø Results on Track2
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• Results on the open test set
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• Results on the blind test set

• Outperforming the official baseline across all metrics.
• Demonstrating the effectiveness of PR strategy.

• Ranking 1st on the final blind test set.



Ø Contributions
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Ø Limitations

Ø Future Work

• VoCodec: a codec model that simultaneously achieves 
high reconstruction quality, low computational complexity, 
low bitrate, and low latency.

• PR strategy: a novel training strategy for codec models 
with enhancement capabilities. 

• The reconstruction quality at ultra-low bitrates (e.g., 1 kbps) leaves room for improvement.
• Performance in real-world scenarios (involving noise, reverberation, and multi-speaker conditions) 

remains sub-optimal.

• Further refining the network architecture or training strategy to boost performance at ultra-
low bitrates.

• Investigating methods to further enhance the model's effectiveness in real-world scenarios.



Thanks for your attention!


