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Introduction
- Deep learning for speech/audio coding

○ Why deep learning-based coding?

Can expect better coding gain

• Yes, but not too straightforward

Can harmonize with other neural nets

• Speech enhancement, ASR, TTS, etc

○ Major limitations

Complexity/delay

Perceptual loss

Scalability

…
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Autoencoders for Audio Coding
- vs. traditional codecs
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Autoencoders for Audio Coding
- Not a new idea
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What Is a Good Codec?
- Conflicting attributes

Codecs

Low 
Bitrate

Low
Latency

High
Robustness

High
Quality

Low
Complexity

What else?



Neural Codecs as Encoder-Decoder Models

○ Generative models

○ Tradeoff b/w quality, complexity, 

and bitrate

Encoder Decoder Encoder DecoderEncoder Decoder

Kankanahali

CMRL

SoundStream

EnCodec

TF Codec

VQ-VAE

DAC

HARP-Net

○ Flexible

○ Moderate complexity

○ Versatile

○ Good for other 

downstream apps
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Temporal Prediction of Coded Features
- Feature predictive coding
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H. Yang, W. Lim, M. Kim, “Neural Feature Predictor and Discriminative Residual Coding for Low-Bitrate Speech Coding,” ICASSP 2023
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Temporal Prediction of Coded Features
- Subjective Test

8

H. Yang, W. Lim, M. Kim, “Neural Feature Predictor and Discriminative Residual Coding for Low-Bitrate Speech Coding,” ICASSP 2023

• Our model at :

• 0.93 kbps

• 1.47 kbps

• 2.87 kbps

• Baseline models :

• LPCNet @ 1.6kbps

• LyraV2 @ 3.2kbps
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Ours@1.47kbps

Ours@0.93kbps

LPCNet@1.6kbps

Ours@2.87kbps

LyraV2@3.2kbps

(±1.35)

(±1.59)

(±1.55)

(±1.38)
(±1.75)



Generative De-Quantization via Latent Diffusion
- The proposed LaDiffCodec architecture
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H. Yang, I. Jang, M. Kim, “Generative De-Quantization for Neural Speech Codec via Latent Diffusion,” ICASSP 2024
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Generative De-Quantization via Latent Diffusion
- Results
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Generative De-Quantization via Latent Diffusion
- Results

○ LaDiffCodec prefers large continuous latent dimension

At no cost of increased BR 

○ MUSHRA
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(a) Reference (b) EnCodec@1.5kbps (c) EnCodec@3kbps (d) LaDiffCodec@1.5kbps (e) LaDiffCodec@3kbps

Fig. 2: Spectrograms of the reference speech, and thecoded versions by EnCodec and LaDiffcodec at 1.5kbps and 3kbps. Theaudio samples

of these spectral are available at the sample page. White blocks point out the example areas where EnCodec shows aliasing artifacts.

58.69± 1.64
42.73± 1.60

48.71± 1.72
50.85± 1.47

65.85
±1.64

Fig. 3: Average MUSHRA scores and their confident intervals of

LaDiffCodec and baseline codec systems at 1.5kbps and 3kbps.

(a) 1kbps (b) 1.5kbps (c) 3kbps

Fig. 4: PESQ scores of LaDiffCodec using different midway-

infilling hyperparameters. X-axis denotes the mask ratios γ from

0 to 1. Y-axis denotes the midway timestep⌧.

pre-learned latent distribution narrowsitssynthesisprocesstoamore
straightforward problem. In addition, thewell-trained continuous la-
tent space leads to higher speech reconstruction quality, eliminating
the non-speech artifactsand distortion.

Secondly, it generates more natural-sounding speech. Fig. 2
presentsspectrogramsof thereferenceand variousdecoded versions.
Theselow-bitrateEnCodec resultssuffer from losing high-frequency
information due to the reduced expression space. Waveform cod-
ing, in particular, often experiences aliasing artifacts, as shown in
2b and 2c. In these spectrograms, the high-frequency area over ⇠4
kHz shows a mirrored reflection of the lower frequency harmonics.
These high-frequency aliasing effects can add unnatural artifacts to
the reconstruction. In contrast, LaDiffCodec makes up some high-
frequency energy and eludes the aliasing effect. As a result, it pro-
duces a more natural and pleasant sound. As we use DAC’s public
16khz checkpoint, which isnot re-trained on theLibrispeech dataset,
it appears less performed than the re-trained EnCodec.

4.2. Ablation Studies

Hyperparameters of Midway-Infilling: Thisablation explores dif-
ferent settings of midway-infilling hyperparameters. Smaller γ cor-
relates to less involvement of the condition branch [s⌧, ..., s0 ] dur-
ing sampling, while a large⌧means the sampling process conducts
more noise reduction. When γ = 0 and ⌧= 1000, it is equivalent
to DDPM’soriginal sampling method. With thecorrect set of hyper-
parameters, midway-infilling gains higher PESQ than the original

Strides @1kbps @1.5kbps @3kbps

[1] 1.18 ± 0.04 1.20 ± 0.04 1.77 ± 0.19

[8] 1.81 ± 0.15 1.95 ± 0.15 2.23 ± 0.17

[4, 8] 1.71 ± 0.71 2.19 ± 0.75 2.16 ± 0.69

[4, 5, 8] 1.66 ± 0.11 1.71 ± 0.12 1.84 ± 0.10

[2, 4, 5, 8] 1.49 ± 0.09 1.65 ± 0.13 1.71 ± 0.12

Table1: Performanceof diffusion modelswith different latent space

dimension. The arrays in the first column present the stride sizes of

each down-sampling layer in the continuous encoder.

DDPM sampling. The leftmost columns of each graph present the
degrading performance by reducing DDPM sampling steps, with no
extra infilling branch involved (i.e., γ = 0). Therightmost columns,
on the other hand, present the infilling branch’s sole contribution to
sampling. According to thePESQ score, thebest quality isobtained
when sampling step ⌧is small and γ is close to 0 or 1. Our per-
ceptual rating aligns with PESQ concerning ⌧. However, a large in-
terpolation ratio γ leads to a better phoneme-level reconstruction at
thecost of lessnaturalness. A sequenceof speech samplesregarding
different interpolation ratios can be found on our webpage.

Latent Dimensionality: Table 1 presents the PESQ scores of LaD-
iffCodec with different latent space dimensions. The total down-
sampling rate is the product of stride sizes. The first row shows
results from the ordinary (non-latent) diffusion model, which sam-
ples in the time domain with no continuous autoencoder involved.
All theexperiments aremade to run for thesameamount of time. In
comparison, the LD models outperform the time-domain diffusion
method (stride= 1), indicating that a reduced dimension and auxil-
iary feature learning can facilitate diffusion modeling, especially in
this speech coding task. However, reduced dimension does not al-
ways lead to superior performance. When more downsampling lay-
ers are added to the continuous autoencoder, the latent space starts
losing expression power, or becomes hard to model with the diffu-
sion process.

5. CONCLUSION

This work proposed LaDiffCodec and demonstrated the effective-
ness of integrating waveform coding-based feature learning and
latent diffusion model for high-quality, low-bitrate speech cod-
ing. By mapping the low-dimensional discrete speech token into
high-dimensional continuous space using latent diffusion, the codec
released the burden of upsampling and de-quantization from the de-
coder. It achieved improved speech quality with reduced artifact and
increased naturalness. Whilemainly focusing on thelow-bitratesce-
narios, our work potentially sheds light on the high-fidelity codec-
based generation. Our modelsprovides asolution that enables using
fewer codebooksfor categorical generation, which reducesthetask’s
difficulties without sacrificing output sound quality.

58.69± 1.64
42.73± 1.60

48.71± 1.72
50.85± 1.47

65.85
±1.64

Reference

LaDiffCodec 1 kbps

(DDPM 1000 steps)

LaDiffCodec 1 kbps

(Midway Infilling 100 steps)



Personalized Neural Speech Codec
- Manifold interpretation

○ Less powerful models still work on the sub-problem!

12

I. Jang, H. Yang, W. Lim, S. Beack, and M. Kim, “Personalized Neural Speech Codec,” ICASSP 2024

Personal Clean Speech

Speech Manifold (of All People)Code

Speech Utterances

Estimated Personal Speech (Small Generalist)

Estimated Personal Speech (Small Specialist)

Generalist’s

Decoding

Process

Specialist’s

Decoding

Process



Personalized Neural Speech Codec
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Personalized Neural Speech Codec
- Speaker groups

14
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Personalized Neural Speech Codec
- LPCNet

○ Low bitrate speech vocoder (1.6 kbps)

○ Speech Features

18 Bark-scale cepstral coefficients

2 pitch parameters (period, correlation)

○ A decoder-heavy architecture

Frame-rate network

Sample rate network

• WaveRNN

• Conditioned on processed frame features

• Autoregressively sample synthesis
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Personalized Neural Speech Codec
- Personalized LPCNet (1.6 kbps)
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Personalized Neural Speech Codec
- MUSHRA Test

○ Personalized LPCNet outperforms

The baseline at the same bitrate

○ The small personalized model is on par

with the large LPCNet
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Recap

○ Neural speech codecs are very successful in terms of coding gain

Neural audio codecs are getting there

○ Deep learning is computationally heavy

Speech and audio coding are typically used for real-time communication or streaming applications

Foundational models are particularly heavy

○ Predictive models, residual learning, and generative models help

○ Personalization is a new concept that traditional codecs couldn’t handle

○ NSAC is versatile

Can be combined with other applications

From the feature learning perspective

• Discretized features for the downstream tasks
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