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Introduction
- Deep learning for speech/audio coding

O Why deep learning-based coding?
o Can expect better coding gain

* Yes, but not too straightforward Excellent
o Can harmonize with other neural nets
« Speech enhancement, ASR, TTS, etc . Good
o Major limitations g
o Complexity/delay g MNoma
)
o Perceptual loss g
. n Poor
o Scalability
O
Bad
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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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Segmented Dimensionality Reduction Coding on Frequency Domain Signal

Minje Kim, Seungkwon Beack, Taejin Lee, Daeyoung Jang, Kyeongok Kang, Electronics and
Telecommunications Research Institute (ETRI), Daejeon, Korea

This paper proposes schemes of compressing frequency domain acoustic signals using
dimensionality reduction methods. Dimensionality reduction methods which work on a two-
dimensional matrix usually result in high compression ratio since they not only allow us to
represent the input matrix with smaller amount of data, but exploit intrinsic information of the
original data. Frequency domain signals can be seen as a (number of frequency bands) (number
of total frames) input matrix of dimensionality reduction methods. However, in this case, real-time
encoding is not possible and encoder-side delay is inevitable which amounts to the length of whole
input signal. To minimize the delay this paper proposes a coding scheme which conducts multiple
dimensionality reduction on segments of input data frames serially.




What Is a Good Codec?

- Conflicting attributes

Low
Bitrate What else?

Low
Latency

High High
Quality Robustness




Neural Codecs as Encoder-Decoder Models

Foundational
Models

o Generative models O Flexible o Good for other
downstream apps

Personalization

o Tradeoff b/w quality, complexity, ~© Moderate complexity

and bitrate Language Model

Encoder Decoder Encoder Decoder Encoder Decoder
Psychoacoustics
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o Versatile



Temporal Prediction of Coded Features
- Feature predictive coding

* Decoder
» Feature prediction function
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Temporal Prediction of Coded Features
- Subjective Test
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Generative De-Quantization via Latent Diffusion
- The proposed LaDiffCodec architecture
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Generative De-Quantization via Latent Diffusion
- Results
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Generative De-Quantization via Latent Diffusion

- Results

O LaDiffCodec prefers large continuous latent dimension
o At no cost of increased BR

Strides @1kbps @1.5kbps @3kbps
[1] 1.18+ 0.04 1.20+ 0.04 1.77+ 0.19
[8] 181+ 0.15 1.95+ 0.15 223+ 0.17
[4, 8] 1.71+ 0.71 219+ 0.75 216+ 0.69
[4,5, 8] 166+ 0.11 1.71+ 0.12 1.84+ 0.10
[2,4,5, 8] 149+ 0.09 165+ 0.13 1.71+ 0.12
o MUSHRA
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48.71+1.72

tabiffCodec

58.69+ 1.64
42.73+1.60

T T T T

0 10 20 30 40 50 60 70
MUSURA Scores

.
)

& /)
J

Reference

N

& N
\ 74

LaDiffCodec 1 kbps
(DDPM 1000 steps)

S
)

LaDiffCodec 1 kbps
(Midway Infilling 100 steps)



Personalized Neural Speech Codec
- Manifold interpretation
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O Less powerful models still work on the sub-problem!
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Personalized Neural Speech Codec
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Personalized Neural Speech Codec

- Speaker groups
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Personalized Neural Speech Codec

- LPCNet
O Low bitrate speech vocoder (1.6 kbps) Bitstreamy = (84— a1y -y 5e—1]
O Speech Features v " St—1
o 18 Bark-scale cepstral coefficients Frame-Rate Ct—1
: : : Network f
o 2 pitch parameters (period, correlation) (v v vy )
. 9 GRU,
O Adecoder-heavy architecture 5| | 3840r256)
0 Frame-rate network ko)
) A 4
o Sample rate network g GRU,
+ WaveRNN 2 I
« Conditioned on processed frame features Cco% FC & softmax
» Autoregressively sample synthesis S )
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Personalized Neural Speech Codec
- Personalized LPCNet (1.6 kbps)

ct =9 Sender = Receiver
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Personalized Neural Speech Codec

- MUSHRA Test
O Personalized LPCNet outperforms 100 t " | I HR/Ancholr 3 LPCNetI-BL-L -
o The baseline at the same bitrate 4 LPCNet-BL-S ¢ PLPCNet-L
90 1 !
o The small personalized model is on par ¢ PLPCNet-S & LPCNet-Pub-L
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Recap

O Neural speech codecs are very successful in terms of coding gain
o Neural audio codecs are getting there

O Deep learning is computationally heavy
o Speech and audio coding are typically used for real-time communication or streaming applications

o Foundational models are particularly heavy
O Predictive models, residual learning, and generative models help

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

O NSAC is versatile
o Can be combined with other applications

o From the feature learning perspective
* Discretized features for the downstream tasks




Minje Kim and Jan Skoglund,
“Neural Speech and Audio Coding,”
IEEE Signal Processing Magazine (to appear)
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