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.:_ggm Speech synthesis

* Several systems: Vall-E, VoiceBox (Meta), OpenAl, ...

* Vall-E(E" Microsoft )

Zero-shot TTS

Speaker prompt | Ground Truth | VALL-E
They moved thereafter cautiously about the hut groping before and about
them to find something to show that Warrenton had fulfilled his mission

... or keeping the speaker emotion

Anger
We have to reduce the number of plastic bags.

Sleepy

Amused

3 ~ 3 VALL-E: https://www.microsoft.com/en-us/research/project/vall-e-x/vall-e/
\:“.- VOICEBox: https://voicebox.metademolab.com/
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* « Deepfake » voices by many actors : Resemble.ai, Speechify,
Respeecher,...

* An example on my voice with Speechify (OpenAl’s API)

Text Training prompt Generated
(in French) AV
Hi, Gaél Richard! It's time to listen to your voice clone in action. Your
voice clone opens up a world of possibilities.

-

4 /\\,‘i https://speechify.com/
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* Several impressive models:

I OpenAl (Jukebox,Musenet,) (unseen lyrics rendition, completion, ..)

* MusicGen/AudioGen (AudioCraft, Meta): text-to-music or text-to audio
generation

Text input Music output

Lo-fi song with organic
samples, saxophone solo

——> MusicGen — |||

1l
I

An example with MusicLM

Slow tempo, bass-and-drums-led reggae song. Sustained electric guitar. High-pitched
bongos with ringing tones. Vocals are relaxed with a laid-back feel, very expressive.

L https://openai.com/research/jukebox
5 /\\ \i https://audiocraft. metademolab.com/musicgen.html
S5 hitps://google-research.github.io/seanet/musiclm/examples/
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https://audiocraft.metademolab.com/musicgen.html
https://google-research.github.io/seanet/musiclm/examples/
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Cross modal audio synthesis
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G. Richard . . o . .
° Examples with MusicLM (text+ melody conditioning) generation,
* Painting Caption Conditioning: An example with MusicLM
ﬁ; T i "The grey, black, and white painting, on a
P 3 sl canvas 3.49 meters tall and 7.76 meters
across, portrays the suffering wrought by
Guernica - violence and chaos. Prominent in the
Pablo Picasso composition are a gored horse, a bull, \
screaming women, a dead baby, a
dismembered soldier, and flames." By
* Other examples: visually guided audio spatialization + the sound of pixel
(2 O 1 8) Visual Spatial Cues Mono Audio
Visual Information Impulse Response Spatial Coherence Geometric Consistency ) 2
Binaural Audio
el https://google-research.qgithub.io/seanet/musiclm/examples/
6 'Q\M._\_i Rishabh Garg, Ruohan Gao, Kristen Grauman, Visually-Guided Audio Spatialization in Video with Geometry-Aware Multi-task Learning. International
= Journal of Computer Vision (IJCV). Vol 131. 2023. Special Issue for Best Papers of BMVC


https://google-research.github.io/seanet/musiclm/examples/
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... but what is an audio signal ?
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c.richard  ® The audio signal x(t) is an continuous acoustic signal

What Is an audio signal ......

sourcs \ ;
fitar

I W R R AWAY
VA VA AN

° Let xX(nT) be the discrete signal sampled at time t=nT
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Time-Freguency representation

* Fourier Transform
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Spectral analysis of an audio signal (1)

(drawing from J. Laroche)
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10
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Spectral analysis of an audio signal (2)

* Spectrogram of a sum of 10 stable sinusoids

Spectrogram
X, X
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Audio signal representations

c.rcrard ®* Example on a music signal: note C (262 Hz) produced by a piano and a violin.

Temporal Signal

amplitude

N
I
=2 20
o
Spectrogram 5
-20
Ok— 1 1 1 1 1 1
1 2 3 4 5 g level/dB

-
-
B

\i From M. Mueller & al. « Signal Processing for Music Analysis, IEEE Trans. On Selected topics of Signal Processing, oct. 2011

12
N

o
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Towards a more specific representation
SR Mel-spectrogram
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* Exploiting principles of sound perception
° E.g. Tonal heights perception: Mel scale
°* From 0 a 500 Hz ou 1 Mel = 1 Hz (linear)

* Above 500 Hz, height perception (or « tonie »)
growths logarithmically with frequency

* Example of analytical formula: mel(f):1000log2(1+ﬁ)

: : : . =1 L.go
- 10— : f (,EA . E - " =] level/dB

13
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About Generative audio ...

14
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Voder - Dudley (1939)
onr wnisies L neeo cur o oo | onorso
; 10 RESONATOR FILTERS = &MPLIFIER
SPEECH ’ 5
s o\ i
RESONATOR *STOPS *
LE?TSHER’ .
Lauo
! SFPEAKER
gu.étstmv/ S NSAWHISTLE
NOSTRIL 5 T12Edes 5?89‘0 e
. o j ’ =REED : VODER KEYBOARD
~/ Y _.
& “ENERGY * i FooT PEDAL
w -~ COMPRESSED S ITCH PITCH COMTROL
ITITII/Y. ) AIR G‘AMBER

Fig. 10. Wheatstone’s reconstruction of von Kempelen's speaking machine.!

The Journal of the Acousticol Society of America

i(w\ Pattern playback- Cooper (1951)

~Ii||ﬂ‘.5= 1

" “"%._,f

Van Kempelen machine (1791)

15 l' ™ Dennis H. Klatt (1987), “Review of text-to-speech conversion for English” J. Acous. Soc.
N Amer. 82, 737703




Generative audio ... an old domain
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G- Richard ° ...generating speech with a simplified « speech production » model
Source excitation part Resonance part
Pulse train _<L Excitationg Linear B
Modklaion ofcarer wave trrrrrr L e(n) || time-nvariant P
by spesch information T system ‘
Fm:'w ----- = : Spesch ‘ White noise —? h(ﬂ) x(n) = h(n)*e(n)
Smcmume - m
Unvoces: nowe| "
* ..Or using Hidden Markov Models (HMMS) W
. 11.0 ‘ —
e Spectral parameters = 5 == T
{e.g., mel-cepstrum, LSPs) e ‘“E
" "l. | EL
Spectrum part{ Ace A I| .
Observation vector | Laa P T . [ﬂm oz il
» log FO with V/UV i
Exciition 2:; iA } Dynamic features _“, : : u

Frame mumber
IR

16 ./'\ \\i K. Tokuda, Y. Nankaku, T. Toda, H. Zen, J. Yamagishi and K. Oura, "Speech Synthesis Based on Hidden Markov Models," in Proceedings of the IEEE, vol.
N 101, no. 5, pp. 1234-1252, May 2013



Generative audio ... an old domain
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G. Richard ° ...generating speech with Hidden Markov Models (HMMs)

e ] T -

| Excitation Spectral
' parameters [ 1 parameters

: Senihasic oat Excitation |[Excitation Synthesis | | SYNTHESIZED
: S P generation | Filter SPEECH

_________________________________________________

: Speech signal Training part !
: I ] .
i Excitation Spectral :
! Parameter Parameter ;
: Excitation | | Spectral i
i parameters | parameters :
: Training HMMs .
: Labels i
i l '
T R —
! 4 ’ : Context-dependent HMMs |
: Text analysis T & state duration models '
: L [Parameter generation :
: Labels from HMMs .

------

17 e \3 K. Tokuda, Y. Nankaku, T. Toda, H. Zen, J. Yamagishi and K. Oura, "Speech Synthesis Based on Hidden Markov Models," in Proceedings of the IEEE, vol.
N 101, no. 5, pp. 1234-1252, May 2013



Aris
m ZE

®2 1P PARIS

Generative audio ... an old domain

G. Richard ° ...generating and transforming sound using an analysis/synthesis model

- = | Sinusoidal = Parameters | sypesis | = W
x(n) ATEES {Ai, fi, diy0i }i

z(n) =), A;sin(2nfin + ¢;) + bi(n)

=>Example on a piano signal
eOriginal signal: -
eTransposed by a third: <¢-

eSignal S (« Sum of sinusoids with vibrato effect»): (-
eSignal N (Noise): «f-

-,
-

18
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An « Image of audio » (e.g spectrogram) Is not the same
as a natural image

» Natural images
° the axes x and y represent the same concept (spatial position)
* the elements of an image have the same meaning independently of their
positions over x and y.
° neighboring pixels: y
- usually highly correlated,
- often belong to the same object

» Time-frequency audio representations (for example a spectrogram)

* the axes x and y represent profoundly different concepts (time and
frequency).

* the elements of spectrogram (such as the T/F area of a source) have the
same meaning independently of their position over time but not over
frequency

° no invariance overy, even in the case of log-frequencies

* neighboring pixels:

- are not necessarily correlated

Frequency

v

- agiven sound source (such has an harmonic sound) can be distributed
over the whole frequency in a sparse way (the harmonics of a given
sound can be spread over the whole frequency range)

T

19 ("\_ b G. Peeters, G. Richard, « Deep learning for audio» , Multi-faceted Deep Learning: Models and Data, Edited by Jenny Benois-Pineau, Akka Zemmari,
\‘\‘«:fi Springer-Verlag, 2021 (to appear)
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* Machine-learning based models "uses large amount of data and machine learning
to generate sounds”

* Arapid growth and adoption of deep neural networks for audio synthesis

From wavenet (2016) ..... mmmm)  MusicLM (2023)

(autoregressive model) (Generating Music from Text)

C ) ( ) ‘ } W L [
/ Diation = 4
) J (®] @, J O ) L‘ ) Hidden Layer
/ =t
s -~ A

)

el el =

Oord, A. v. d., Dieleman, S., Zen, H., Simonyan, K., Vinyals, O., Graves, A., Kalchbrenner, N., Senior, A. & Kavukcuoglu, K. (2016). WaveNet: A
\i Generative Model for Raw Audio (C|te arxiv:1609. 03499)

''''' A. Agostinelli & al. MusicLM: Generating Music From Text, https://arxiv.org/abs/2301.11325, 2023.

Generated audio

“Hip hop song with
violin solo”

20 <

.
\



https://arxiv.org/abs/2301.11325

TELEFOM
TS

= HA T

@ IP PARIS

G. Richard

21 \

S8
i

GAN: Adversarial
training

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse

Discriminator

A large variety of generative models ...

] Generator
;ﬂ"f-—-»

v

G(z)

Encoder oz Decoder o
90(2[x) po(x|z)
Flow | 'ii - Inverse A
) o 7@ |
T xl‘___'x2_ ________ = J——— T | Z

1:3 L. Weng, What are diffusion models ?, 2021. https://lilianweng.github.io/posts/2021-07-11-diffusion-models/



TELECOM

5.4 b |

Audio

Deep neural audio synthesis

Arch, Name . Data Conditioning
= representation
2 IP PARIS 2
@/ waveNet van den Oord et al, 2f)l(ia+ waveform SP.&Ch' spgatar 1L,
i plano text
G. Richard Universal Mor et al 2018 waveform classical -
music Translation ; ) § SO music
Hufra‘rducal quclcnmu et al) 2018 waveform Nl -
waveNet music
NAM SampleRNN Mehri et al| 2017 wavelform - speech; 3 -
piano music
MelNet [Vasquez and Lm\'i% 2019 i i ¥pesch, . spealer 1D
spec. plano music text
wavenet Al “ngel et all 2017 wavetform tonal sounds pitch
5 “hild et al.; 2019 waveform B -
Transformer music
Parallel waveNet an den Qord et al.| |2018a) waveform speech |;:;)((“h
ClariNet ing et al.l 201 wavelorm apeech text
FlowayveNet Kim et al} 2018 waveform speech iy
Mel spec.
s e text
NFs waveGlow !Pmnger et al} 2018 wiavelform speech Mel apec.
waveFlow ing et all [202( waveform speech i
Mel spec.
Blow |Serra et all 201 waveform speech speaker 1D
Planet Drums Aouameur et all 2019 M_El_smlcd drums instrument 1D
mag. spec,
Jukebox Dhariwal et al] 2020 waveform music AERER ;(:ﬁg::lrc D
. s 2 > e ; tonal 7
VAEs NOTONO Bazin et al.| {2020 mag, & IF 5 pitch
instruments
FlowSynth sshing et all [201¢ mag. synth. sounds semantic tags
Neural Granular s pitch
4 = i 2020 ave
Sound Synth. Bitton et al. waveform dr.ums fstintact ID
animals
speech
WaveGAN Donahue et al 2019 waveform rhtums -
piana
birds
GANSynth t!-lngol et al4 2019 mag. & IF . Sonal pitch 1D
GANs instruments
MelGAN ‘.Kumar et all 2019 mag. speec_'.h Mel-scaled spec.
pec. music text
22 GAN-TTS 1Binkuwski et al) 2020 waveforin speech DI, b

speaker 1D

J. Nistal, “Exploring Generative Adversarial
Networks for Controllable Musical Audio Synthesis,
PhD Thesis, IP Paris, 2022
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Wavnet

a generative model, directly from the audio waveform

* The joint probability of a waveform x = {xy,..., 27}

Is factorised as a product of conditional probabilities :

T
p(X) — Hp(xtkljla s 73375—1)
t=1

° Ithe conditional probability distribution is modelled by a stack of convolutional
ayers;

* Qutput of the model: has the same time dimensionality as the input (no pooling)

* OQOutput: a categorical distribution over the next value 'y with a softmax layer -
optimized to maximize the log-likelihood of the data w.r.t. the parameters.

“™._ Oord, A.v. d., Dieleman, S., Zen, H., Simonyan, K., Vinyals, O., Graves, A., Kalchbrenner, N., Senior, A. & Kavukcuoglu, K. (2016). WaveNet: A

o

i Generative Model for Raw Audio (cite arxiv:1609.03499)

o
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Wavnet

a generative model, directly from the audio waveform

G- Richard * Dilated causal convolutions (the main ingredient!).

* Classic causal convolutions needs many layers to increase the
receptive fields (RF)

* Dilated causal convolutions greatly increase RF

Otpt @ @ @ © 0 O 9 0 0000090 O

Hidden -~ .

o O 8 O O O O3 O 0 O O Oy Y Y Y
L,Ely'er L S L T T T S S S L T S S R S R T
HIddEI"I [-—-\ Y Iz—\. o Iz—\l F i I/_\I o z—\l oy Fa ] I:_'\.
o L \._z' LN L L L LW '\_z L L1 _)'
Layer

Hidden ™y I,_f N Y Y O Y N -:I Ty I,_f
La'j"er L W T Y L . T U A S §

nnt @ @ O 00000000000 0O0O

~_ ™, Oord, A.v.d, Dieleman, S., Zen, H., Simonyan, K., Vinyals, O., Graves, A., Kalchbrenner, N., Senior, A. & Kavukcuoglu, K. (2016). WaveNet: A
24 \\o‘i Generative Model for Raw Audio (cite arxiv:1609.03499)

e
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A a generative model, directly from the audio waveform
'ﬁ,w PARIS
G. Richard * Condition distributions p(x¢|x1, ..., x;—1)modelled using softmax distributions
* Use of mu-law to limit the number of “categories” (amplitude values):
, . In (14 p|zy|)
f(x¢) = sign(z¢) In(1+ p)
z = tanh (Wy xx) © 0 (Wy * X)
* Use of Gated recurrent units
<1 ’;3}-—-.; S 1H Softmax > Output
* .. and residual and skip connections
25 Q.

Oord, A. v. d., Dieleman, S., Zen, H., Simonyan, K., Vinyals, O., Graves, A., Kalchbrenner, N., Senior, A. & Kavukcuoglu, K. (2016). WaveNet: A
; \\’\‘i Generative Model for Raw Audio (cite arxiv:1609.03499)
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Wavnet : sound examples

(from https://www.deepmind.com/blog/wavenet-a-generative-model-for-raw-audio)

G. Richard _ o
* Speech ... but also music (no conditioning)

°* Butitis also possible to use conditions :
p(x|h) = Hp (@5 | Bies w05 Bregi ki)

z = tanh (Wy xx + Vf’k,h) @0 (Wyr*x+ Vq:fkh)

* Speech (with condition on the text)

26
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* Wavnet remains complex (sample is generated one at a time)

* Other neural autoregressive models

. Audio 4 PN
Arch. Name 2 Data Conditioning
representation
| [ speech, speaker 1D
waveNet l\';m den Oord et ;xl.;. ;;’()l(iuj waveform y !

{ piano text
classical

Universal

. .
R ) '.\l(»r et all 2018
music Translation l

waveform

27

music
Hierarchical i =2 - piano
y ‘lecm;m et all EBI)]N] waveform Ry
waveNet | { | music
NAM X o : | 5 speech,
SampleRNN Mehri et al; 201 1' waveform hich .
| piano music
; x e mag,. speech, speaker D
MelNet Vasquez and Lewis| 2019 & Bl N Pt
| spec, Plano music text
wavenetAE Iingel et all2017] waveform tonal sounds pitch
sparse Gila I, | JHNO
;o 08 Child et al.| 2019) waveform pian
I'ransformer [ | music
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Variational AutoEncoders

Schematic principle of Variational Autoencoders (VAES)

X ~ px(x) X ~ pg(X)

/lcbogdbgay /cbogdbgan
22038565857 2202856557
wB¥BOolrd /5 u wB¥BOIrd /5
2198033164\ X Alqapzjes\
7214 9q9%¥s/ » Zeldyanyg/
31392622y 2 > dolzlx) Z ~ N(py, 0y) Pe(Xlz2) 32339267247
35144744349 As1laq74434q
Ol taslseLsy Oy Ol bas1eeLs7
54%2990289 Eé% 27702819
0¢7\3640720 0¢1\36202720

The encoder g94(z|x) approximates the true posterior distribution ge(z|x)
The decoder po(x|z) generates an approximation z from the encoding

Main idea of variational inference: :
- The complete model p(x,z) = p(x|z)p(z) , but the data follows complex
distributions
- Exploit an approximate of the true posterior: 4¢(z|x)
- Variational inference: minimizing the difference between the approximation and
the true density:
D (z|x) = ATGMING, (z)x)e 0 DKL[qs(2]X)|p(2]x)]
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Variational AutoEncoders

° This can be further expressed as :
log p(x) = Dxr.(g4(2/%)|po(2]x)) + L(¢,0.%)

* |t describes the quantity to model log pg(x) minus the error we
make by using an approximate ¢ instead of the true p.

* We can maximize the Evidenced Lower Bound (ELBO)

L(6,0,%) = —Dxr(as(2[x)|[po(2)) + Eq, (a/x) (log po(x|2z))

o X Kingma et Welling, « An Introduction to Variational Autoencoders », Foundations and Trends in Machine Learning, vol. 12, n® 4, 2019, p. 307-392
29 Q\§ K Sachdeva: ‘Evidence Lower Bound (ELBO) - CLEARLY EXPLAINED!
N hitps://lwww.youtube.com/watch?v=IXsA5Rpp25w
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Variational AutoEncoders in Audio/music

Arvch.

Many examples

Name L _’\4‘"“” 4 Data Clonditioning
representation
. Mel-scaled ;
Planet Drums Aounameur et al.l [2019 drums instrument 1D
mag. spec.
3 g artist & genre 1D
Jukebox |[Dhariwal et al. 2020L waveform music PSS GSEe
lyrics
. . tonal .
VAEs NOTONO Bazin et al.} 12020 mag. & [F . pitch
Instruments
FlowSynth sling et al.} 2019] mag. synth. sounds semantic tags
orchestral ;
Neural Granular . pitch
A ot al. ¢ avefor 1 s 3
Sound Synth. Bitton et al., |2020 waveform drums instrument 1D
s animals




Variational AutoEncoders in Audio/music

@ IP PARIS

& Richare Regularizing the latent space with timbre spaces (perception)

X Perceptual ratings
'JL—JLJ‘““‘ 7]1]3)
3

.....

Multi-dimensional scaling
(MDS)

[ Synthesis === [ Analysis ==

VAE b Timbre spaces

A~ ™, P.Esling, A. Chemla-Romeu-Santos, A. Bitton, Bridging Audio Analysis, Perception and Synthesis with Perceptually-regularized Variational Timbre Spaces, in Proc. of

31 \\\\\3 ISMIR » 2018 »
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Variational AutoEncoders in Audio/music

Extensions
RAVE: Realtime Audio Variational autoEncoder
° Based on a two stage training:
1. representatlon learning with VAESs (stage 1)
_ ) multlté?sr:gnsc;;ectral <
Representation Learning N
:‘ multiband encoder |[ > \E ) >L decoder multiband
X NMM% e W"”WW X
. \__{ multiband H encoder } }@ iH decoder —){ multiband }-—.— 7
Adversarial ﬁnef?t?neinz l J
> discriminator <

N \-i A. Caillon, Antoine; P. Esling. “RAVE: A variational autoencoder for fast and high-quality neural audio synthesis.” ArXiv abs/2111.05011 (2021)
S

......
\\\\\
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Variational AutoEncoders N Audlo/mu5|c

RAVE : some detalls

multiband spectral !
Stage 1: ' distance
Representation Learning : . A~ \
. multiband encoder } > Z /‘ :Y decoder F multiband
\_:_[ multiband H encoder ]—»@—| > decoder > mutiband |
Stage 2: : <
Adversarial fine-tuning
" }‘I discriminator 4

The multispectral loss (from Engel2019 (DDSP))

,,(X) — STFrrr(y)

n

S(x,y) = Z[ -

IFa + log (||STFT,,(x) — STF‘T,,(y’)IIn)]

Latent representation compactness

To avoid posterior collapse (e.g situation where the learned latent space is ignored)

Based on variance normalisation, rank estimation (using SVD on the latent space)

A. Caillon, Antoine; P. Esling. “RAVE: A variational autoencoder for fast and high-quality neural audio synthesis.” ArXiv abs/2111.05011 (2021)
J. Engel & al., “DDSP: Differentiable Digital Signal Processing,” in Int. Conf. on Learning Representations (ICLR), 2020
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mEE RAVE : some results

@ IP PARIS

G. Richard

* Evaluation (in 2021)
Model MOS 95% CI  Training time Parameter count

Ground truth 4.2] +0.04 -
NSynth 2.68 +().04 ~ 13 days 64.7M
SING .15 +0.02  ~ 5days 80.8M
RAVE (Ours) 3.01 +0.05  ~ T7days 17.6M

° Synthesis examples:
* Timbre transfer (model trained on speech, input :violin)

Violin input
Output (speech)
* Darbouka synthesis: Original
* Reconstruction
Reconstructed
* Unconditional generation unconditioned

34 Q\ \‘i A. Caillon, Antoine; P. Esling. “RAVE: A variational autoencoder for fast and high-quality neural audio synthesis.” ArXiv abs/2111.05011 (2021)

e
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Vector-Quantized Variational AutoEncoders (VQ-VAES)

°* Combines VAEs with Vector quantization
* Helps to avoid posterior collapse of VAES

* Offers the flexibility of a discrete neural representation

Embedding
Space
* Main principle [ l }

Z,(x)

Encoder

A.van den Oord, O. Vinyals, K. Kavukcuoglu.. Neural discrete representation learning. In Proceedings of the 31st International Conference on Neural Information
Processing Systems (NIPS'17). 2017



Vector-Quantized Variational AutoEncoders (VQ-VAES)
m =i

'ﬁ,w PARIS
G. Richard
* Discrete latent representation
° The discrete latent variables are obtained by nearest
neighbour look-up
.y J1 for k=argminj|[z¢(x) — ej]|2,

ol =kig) = {0 otherwise L@ L

ze(X)_>

zq(w) = e, where k = argmin;||z.(z) — ;|2 2, ~ a(zh)

36 0

S Processing Systems (NIPS'17). 2017

N

\ 3 A.van den Oord, O. Vinyals, K. Kavukcuoglu.. Neural discrete representation learning. In Proceedings of the 31st International Conference on Neural Information
Ny
LR
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Vector-Quantized Variational AutoEncoders (VQ-VAES)

° Learning
* A loss function with three components
1. A reconstruction loss (or data term)
2. A dictionary learning term (VQ):

3. A commitment loss (to force a joint learning of encoder and
dictionary)

L = log p(=|z(2)) + lIsglze(2)] — ellz + Bllze() — sglelll3

A.van den Oord, O. Vinyals, K. Kavukcuoglu.. Neural discrete representation learning. In Proceedings of the 31st International Conference on Neural Information
Processing Systems (NIPS'17). 2017
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VQ-VAEs in Audio and Music

An example with Jukebox

* Based on hierarchical VQ-VAE (VQ-VAEZ2), trained with an
additional spectral loss

* Combined with sparse transformers for learning the latent
prior for generation

Codebook €.
Vector Codebook
Encode _ Quantization — — Lookup <) Decode
. el | W —=—% M,
Vecior Codebook

e Encode l m Quantization |
]

] Lookup I F | . l Decode s ehabeatbotsing

Vector Codebook

Encode - D.ﬂl. Quantization AMMLLUU_[LJ_‘_ Lookup . -. l . Decode PPRTOTmT—

X/ h, = E(x;) z; = argming | h,— e | e X; = D(e,)

-l

- .

Razavi, A., van den Oord, A., and Vinyals, O. Generating diverse high-fidelity images with vg-vae-2. In Advances in Neural Information Processing Systems, 2019.

\\ \j Child, R., Gray, S., Radford, A., and Sutskever, |. Generating long sequences with sparse transformers. arXiv preprint arXiv:1904.10509 , 2019.
---- P. Dhariwal & al. “Jukebox: A Generative Model for Music”, arXiv:2005.00341
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An example with Jukebox

@ IP PARIS

G. Richard . . .
* Learning the latent prior once the separate VQ-VAEs are trained
p(z) s p(ztop Zmiddle Zbottom)
— p(ztop)p(zmiddle |zt0p )p(zbottom |zmiddle Ztop)
(i‘,ofnditio?ing
—r—1 *\
e e« Sparse transformers
NEENNNNNENNNENE  EERENENEEND
. Bottom LTpsampler J
L“].‘..“[.A‘H[."\[l"..[..]."ll.x_\J
[ VQ-VAE Decoder |
}
39

™
\\&\._}3\\@ P. Dhariwal & al. “Jukebox: A Generative Model for Music”, arXiv:2005.00341
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el An example with Jukebox
'Qg,w PARIS
G. Richard . ] .
* Conditioning for controlling Conditoning
the SyntheSIS —e Top-Level Prior
—
§ .e ‘ps;np‘er
Bottom Ulpsamptsr |
i ,
i VQ-VAE$Decoder |
AT B I 1T S AN A L T PR SE
* Artist, Genre, and Timing Conditioning (to allow to learn
patterns that depend on the structure... such as applause at the
end)
* Lyrics Conditioning (with necessity to learn lyrics/audio
alignment)
40 /\“:3 P. Dhariwal & al. “Jukebox: A Generative Model for Music”, arXiv:2005.00341

Al
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VQ-VAESs in Audio and Music

el An example with Jukebox
@0' IP PARIS
G. Richard * Sampling methods for generating music
——( Toptoveprior | Windowed sampling for modelling
—— J sequences longer than initial context
[ Wiadie Upsampler |
o HNEEEEEEEEEN Jime
1“‘“‘!“1 UL [TITITTIT] |
Lo R | [
l!\‘ RO O SRIRR OO ﬂ] T MJ\ EEEEEEEEEEN
[-V-Q.VAEle,] I | |
e e U new samples
Primed sampling: generate continuations by converting input into the
VQ-VAE codes and sampling the subsequent codes in each level.
Generate
I I | |
o (ITTTTTITITI He
§ ({LEEEEEC RN CEERR T rERn TR %
Primed Audio Generated Audio
41 3

\«*\‘?-\i.\g P. Dhariwal & al. “Jukebox: A Generative Model for Music”, arXiv:2005.00341
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VQ-VAEs in Audio and Music

An example with Jukebox

* Sound examples

Completion (with context of 12s of existing songs in the training)
Re-renditions (using pairs of lyrics-artist existing in the training)
Generation with novel lyrics (generated by GPT-2)

Generation with novel voices (by interpolating existing voice embeddings)

Many raw examples at https://jukebox.openai.com/

Some curated examples at https://openai.com/blog/jukebox/
* One example of continuation with unknown lyrics:
https://jukebox.openai.com/?song=795460096

* Original model is rather slow at sampling (9 hours to render 1’ of music)

o

e
\\‘i P. Dhariwal & al. “Jukebox: A Generative Model for Music”, arXiv:2005.00341


https://jukebox.openai.com/
https://openai.com/blog/jukebox/
https://jukebox.openai.com/?song=795460096
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VQ-VAEs in Audio and Music

Another example for one-shot music style transfer

* Content is encoded using a VQ-VAE

e Style is encoded using a self-supervised strategy (y is an audio-

augmented version of a different segment than x, taken from the
same recording)

! VQ-VAE
£ —
o [ conient [ Gl 6 —'l decoder |—> z
encoder
—

SR
style

y —> —> S
B encoder
- ~——

43 ~. Ondrej Cifka, Alexey Ozerov, Umut Simsekli and Gaél Richard. "Self-Supervised VQ-VAE for One-Shot Music Style Transfer." IEEE International Conference on
\\.«\,\.}.j Acoustics, Speech and Signal Processing (ICASSP), 2021.

e
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el Another example for one-shot music style transfer
Q?, IP PARIS
G. Richard
* Many sound examples at: https://adasp.telecom-
paris.fr/rc/demos companion-pages/cifka-ss-vg-vael/#examples
°* Two examples
1. Synthetic example
Content input Style input Target Output (VQ-VAE)
2. Real example
Content input Style input Output (VQ-VAE)
44 RN Ondrej Citka, Alexey Ozerov, Umut Simsekli and Gaél Richard. "Self-Supervised VQ-VAE for One-Shot Music Style Transfer." IEEE International Conference on

o R
\?«:j‘i Acoustics, Speech and Signal Processing (ICASSP), 2021.


https://adasp.telecom-paris.fr/rc/demos_companion-pages/cifka-ss-vq-vae/#examples

Discrete neural representation:

= Soundstream: another powerfull generative model
G Richard

* Designed for audio compression

* Exploits Residual Vector Quantification (RVQ)

* trained end-to-end together with a discriminator using the mix of adversarial
and reconstruction losses

N, \
Training ' Inference ;
- @ _ Transmmer
_Encoder
Encoder B Decoder I -
‘ n‘l
| //' S
Recelver
)
Denoising ‘ ( ecoder ,
on/off

-

Zeghidour, N., Luebs, A., Omran, A., Skoglund, J., and Tagliasacchi, M. Soundstream: An end-to-end neural audio codec. IEEE ACM Trans. Audio Speech Lang
3" Process., 30, 2022

Discriminator




Discrete neural representation:

:ﬁm' Soundstream: an other powerfull generative model
G Richard
* Interest of RVQ
A concrete example with regular VQ :
- acodec with a target bitrate R = 6000 bps.
- For an audio at Fs = 24000 Hz (striding factor of M = 32), each
second of audio is represented by S = 75 frames
- This leads to r = 6000/75 = 80 bits allocated to each frame.
- Using a plain vector quantizer, this requires storing a
codebook with N= 2780 vectors (this is Huge !!)
Algorithm 1: Residual Vector Quantization
. . Input: y = enc(x) the output of the encoder, vector
* RVQ = multi-stage Vector quantizer Quinzees Qo Tat = Jsly
~ Qutput: the quantized
- Cascade N, layers of VQ s ;
- Total rate budget is uniformly allocated to each VQ, for i = 1 ,3”}\.;, do
: y += Q;(residual)
B RI - r/ Nq - |0g2 (N) L rlcsidua] —= Q,—(rtLidlml)
- Example: with N, =8, each quantizer uses a return
codebook of size N = 2(/Na) = 2(80/8) = 1024
46 C

X - Zeghidour, N., Luebs, A., Omran, A., Skoglund, J., and Tagliasacchi, M. Soundstream: An end-to-end neural audio codec. IEEE ACM Trans. Audio Speech Lang.
NS5 Process., 30, 2022
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i Discrete neural representation:
:ﬁm' EncoDec: a slight extension of Soundstream

G. Richard

* E.g. Use of a small transformer model for better multi-stage VQ

N :
N -
. . |
\‘ N =
~ N =
~, N -
\
N \ =

S Decoder
SRS
l

Discriminator

Quantizer

47 o

\ \ﬁ Alexandre Défossez, Jade Copet, Gabriel Synnaeve, and Yossi Adi. High fidelity neural audio compression. arXiv preprint arXiv:2210.13438, 2022.
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GANS, Diffusion models for audio generation

48



Generative Adversarial Networks (GANS)

TELEEOM
ATlS

m A
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G. Richard
* Principle of GANs
DATASET
real / fake?
GENERATOR (G)
49 Q\:\\:i Goodfellow, I. et al., 2014. Generative adversarial nets. In Advances in neural information processing systems.

o

Figure from J. Nistal, “Exploring generative Adversarial networks for controllable musical audio synthesis, PhD thesis, IP Paris, 2022

g



Generative Adversarial Networks (GANSs) @
mEE
@ IP PARIS GENERATOR (G)

G. Richard A&

* More formally
° a generative network Gs(z) that outputs x4 ~ py from a random input z
After training, the output should follow the targeted probability
distribution p»
* adiscriminative network Ds(x) trained to predict if the input comes
from the real P» or from the generated distribution Pyg

° Optimization problem: a competitive objective

minmax V(Dg, Gg) = Egp, [log Dg(x)] + Ez~p,[1 — log Da(Ge(2))]

50 /\\\:3 Goodfellow, I. et al., 2014. Generative adversarial nets. In Advances in neural information processing systems.
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Generative Adversarial Networks (GANS)

G- Richard * Principle of conditional GANSs for audio synthesis

eonsf0Gl DAICH 22 ssosornnssnepsosnnnansases .
Wasserstein

/A\ distance

z ~N(0,) A

cat(z, C) 4’{ G .......... fake batch - » D ‘ <

conditional T
. features (c) prediction
c loss c'

P

feature
predictions (c')

o"'-.. RN

51 €
N
N

\i Figure from J. Nistal, “Exploring generative Adversarial networks for controllable musical audio synthesis, PhD thesis, IP Paris, 2022
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Generative Adversarial Networks (GANS)

©. Richard * DrumGAN: Synthesis of Drum sounds with timbral feature Conditioning

using GANSs synthesis

------------------------ real batch ----------
Latent Space quserstein
z ~N(0,l) e ; distance

A

Audio-Commons

Model Cat(z, cAC) ‘)‘ G ......... fake batch e >» D

l . Feature
predictions (cpc")
boominess, brightness,
ot Pk conditional
sharpness, features (cAC) Cac c'Ac

52 Q\H\\i Nistal, J., Lattner, S., and, Richard, G., “DrumGAN: Synthesis of Drum Sounds with Perceptual Feature Conditioning using GANS,” in Proceedings of the 28th
& International Society for Music Information Retrieval, ISMIR , 2020.
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Generative Adversarial Networks (GANS)

* DrumGAN: Demo
* https://sites.qoogle.com/view/drumgan?pli=1

°* DrumGAN VST: A Plugin for Drum Sound
Analysis/Synthesis with Autoencoding GANs
* https://csimusicteam.sony.fr/drumgan-vst/
* Short demo on Converting beatbox to drums

Original Original+decoded

Nistal, J., Lattner, S., and, Richard, G., "DrumGAN: Synthesis of Drum Sounds with Perceptual Feature Conditioning using GANs,” in
Proceedings of the 28th International Society for Music Information Retrieval, ISMIR , 2020.



https://sites.google.com/view/drumgan?pli=1
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* For example, a classic pipeline in recent Text-to-speech

A classic pipeline for sound generation

[

-

Log-mel specrogram

™8 Hifi-Gan, Wavgrad,...

rext ey

Wavglow, TacotronZ,...

J
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Hifl-Gan

High computational efficiency and high sample quality

* 1 Generator (CNN) and 2 Discriminators

L1 Loss ]
l'"'II"'“I'Il" """ LIRS e > Mult-Period ...{
3 Discriminator  Reallfake losses
Ground truth 3
waveform l
v
[ Feature losses ]
Generator
| - Multi-Scale
Mel-spectrogram """"""" > Discriminator r_" Reallfake losses

il

( Feature losses 1

55

Jungil Kong, Jaehyeon Kim, and Jaekyoung Bae. Hifi -gan: Generative adversarial networks for efficient and high fi delity speech synthesis. Advances in Neural
\\ i Information Processing Systems, 33:17022—-17033, 2020
Demo at https://jik876.github.io/hifi-gan-demo/
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TELECOM 1Fi
e Paris H Ifl = G an -|||I|||-||||||||- Muli-period ' | Reatate oses
ikl e 2 Discriminators: MSD and MPD .
2 1P PARIS e
»m’ B
G. Richard Y M P D — m iXt u re Of S u b _d i S C ri m i n ato rS Mekspectrogram — I_Mulnts,lcale —j Reallfake losses
* Sub-discriminators are designed to capture different implicit structures from oo |

each other by looking at different parts of an input audio

* each sub-discriminator only accepts equally spaced samples of an input audio
* the space (period) p is equal to [2, 3, 5, 7, 11]

time
—

o000 0000QC@QGOEe®

O00OO0OOOO0O0O0O0OO height l Reshape from 1D to 2D
°* MSD to evaluate audio sequence at e %E' e = ® |
multiple scale OL70.70770T0IT00  Apply Convolution A e vaorl

°* MSD is a mixture of three sub-discriminators | |
operating on different input scales: raw MSDI[2] MPD[2]
audio, x2 average-pooled audio, and x4

average-pooled audio Real / Fake Real / Fake

B Kundan Kumar, Rithesh Kumar, Thibault de Boissiere, Lucas Gestin, Wei Zhen Teoh, Jose Sotelo, Alexandre de Brébisson, Yoshua Bengio, and Aaron C Courville. Melgan:
56 Q\ \\3 Generative adversarial networks for conditional waveform synthesis. In Advances in Neural Information Processing Systems 32, pages 14910-14921, 2019.
= Mikotaj Binkowski, Jeff Donahue, Sander Dieleman, Aidan Clark, Erich Elsen, Norman Casagrande, Luis C Cobo, and Karen Simonyan. High fidelity speech synthesis with
adversarial networks. arXiv preprint arXiv:1909.11646, 2019.
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G. Richard o |
Gdata(Z0);  4(Z1]0) q\T2i1) diffusion process q(@rler-1) :
~ ¢ ’ NG TN
,/. 3 7/ \ /’/ . \ //.,‘ \‘. /V o\
{ Iy )| | Iy | | £o | R l.l, 1) | |
\\ -/'A\»_ > ,-/\\k_/é-\_ __)\__//I P ‘\\__-/Z\______/’\\_-/ .
o : o reverse process 5
po(xolxy) ¢ pelx)|T2) Po(TT-1|TT) Platent(TT)

A\ NN PONREMN

* Based on two processes: the diffusion process, and the reverse process
* The diffusion process is defined by a fixed Markov chain from data g to the latent variable :z7

gy, oy xlag) = HT=1 glaeae—1)

where each of ¢(xi|zi-1) s fixed to Nz T — Fexe_1.4:I) for a small positive constant i3
p

* The reverse process gradually converts the white noise signal into audio waveform through a Markov

chain: . .

Pratent (1) = N'(0,1), and py(wo,- -+ ,xr_aler) = [ | po(zi-alay),
t=1

58 Q\\fg Kong, Z., Ping, W., Huang, J., Zhao, K., & Catanzaro, B. (2020). DiffWave: A Versatile Diffusion Model for Audio Synthesis. ArXiv, abs/2009.09761.



Diffusion models for audio synthesis

%)
@_/ IP PARIS

G. Richard * The models are often strongly conditioned

* Example: wavgrad, specgrad conditioned on mel-spectrogram

Illustration of the diffusion process (50 iterations)

(a) WaveGrad
Log-mel spectrogram

R(R)

Iter. :| Denoising process
T times

Sound examples

reference

wavgrad

TTime N: N

______

59 r’\ \q N. Chen & al.“WaveGrad: Estimating gradients for waveform generation,” in Proc. ICLR, 2021.
N Koizumi, Yuma et al. “SpecGrad: Diffusion Probabilistic Model based Neural Vocoder with Adaptive Noise Spectral Shaping.” Interspeech (2022).
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Diffusion models for audio synthesis

extensions of wavgrad
°* The example of priorgrad, specgrad, ...
(a) WaveGrad (b) PriorGrad (c) SpecGrad
Log-mel spectrogram Log-mel spectrogram Log-mel spectrogram
L 4 v
N0, ]|[A(0,diag((oF, ... 0B)) N(0,3)

o Ve

PR N e PR _2,_I N |

Iter. erenoising process
T times

Koizumi, Yuma et al. “SpecGrad: Diffusion Probabilistic Model based Neural Vocoder with Adaptive Noise Spectral Shaping.” Interspeech (2022).
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f'ﬁm' Combining diffusion models with GANs
Qg_lp PARIS
G. Richard "\ Denoising
etworks % - Mots
The Generative learning trilemma  pm) P el .
\ Mode '\,
2 Coverage / |,
“\ Diversity /;
°* Example of Denoising Diffusion Gan:
* Assumption: the slow sampling of diffusion models is due to the Gaussian
assumption in the denoising distribution
* Propose to employ complex, multimodal denoising distributions.
* Propose denoising diffusion GANSs, a diffusion model whose reverse
process is parametrized by conditional GANSs.
e Denoising diffusion GANs achieve several orders of magnitude speed-up
compared to classic diffusion models for (image) generation
61

Zhisheng Xiao, Karsten Kreis, and Arash Vahdat. Tackling the generative learning trilemma with denoising diffusion gans. arXiv preprint arXiv:2112.07804, 2021
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:ﬁm Combining diffusion models with GANs

Diffusion-Gan: Training GANS with Diffusion

The discriminator learns to distinguish a diffused real image from a diffused fake image at all
diffusion steps.

e Stabilizes the training of GANS ; Leads to improved performances (quality of images
complexity)

[ Diffusion Process: y ~ q(ylx,t),t ~ pr ]

X~ p(x) v t 100

y|t=300 y|t 600 ylt= T 1000
-
» %

!

ﬂmn—oepmdem Discriminator: D(y, t)

yq|c 100 Yo |t =300 yg|c 600 Yglt= T 1000
!

[ Diffusion Process: y, ~ q(y4|x,.t),t ~ pr ]

[ T is adaptively adjusted. J

62 \\

3 Z. Wang, H. Zheng, P. He, W. Chen, and M. Zhou, ‘Diffusion-GAN: Training GANs with diffusion,” in Proc. ICLR, 2023
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Combining diffusion models with GANs
Q: IP PARIS

G. Richard .o ‘
SpecDiff-Gan é

mel spectrograms s !

Combines principles of |
- Diffusion-gans,

- Hifi-Gan Y , Wl

S » MPD/MRD

| | l
- and specgrad Senerator ‘ H-H--u-JJ mﬂ
- A
- ...for speech and music 5 , v~ 0glg. 0y ~ayix, 0,
= [ |
£ | |
5 | b g e (Sftusion Hapniao
SpecDiff-Gan g — .
speech 08)' Generated data Xg ¢~ ﬁn Real data x :
P =S S g’ T is adaptively adjusted.
piano \ TR
drums .

63 r-’\'f"q“:i T. Baoueb, H. Liu, M. Fontaine, J. Le Roux, G. Richard , SpecDiff-GAN: A Spectrally-Shaped Noise Diffusion GAN for Speech and Music Synthesis, ICASSP 2024
S Demo at: https://specdiff-gan.github.io/
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Cross Model audio generation : some examples

64
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Towards « text-prompt » to audio

—gﬂ The exemple of AudioGen
Q‘g_lp PARIS
G. Richard e AudioGen

Transformer Decoder

Audio

PDecoder

(10103030410

°* 2 main steps:

* (i) an audio encoder-decoder to learn a discrete audio
representation (RVQ)

* (i) training a Transformer language model over the It L | Sonder

‘ ....... 1 ‘
Sell«Attentlon

‘ Embedded audio |

TSN |

|

‘ Audio Positional

learnt codes obtained from the audio encoder, \ Iz Tonitionel )
conditioned on textual features. ;

* Some specifities: T omp
the park
* Text representation obtained using a pretrained T5
text encoder L
?
* For text adherence: cross-attention between audio
and text to each attention block of the transformer.
A !
* Augmentation method that fuses pairs of audio —
samples and their respective text captions, thus P

creating new concept compositions during training —

* Uses Classifier Free Guidance (CFG) to improve
generation for Low resolution (e.g. randomly
unconditional training)

(3 LYY s ] 1

Audio

Encodear

audio encoder-decoder

o

j

65 N\ Felix Kreuk, Gabriel Synnaeve, Adam Polyak, Uriel Singer, Alexandre Défossez, Jade Copet, DeviParikh, Yaniv Taigman, and Yossi Adi. Audiogen: Textually guided

audio generation. arXivpreprint arXiv:2209.15352, 2022a.
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i Towards « text-prompt » to audio
w1

The exemple of AudioGen 7
.ﬁ.lP PARIS Transformer Decoder ool
G. Richard ° Demo ﬁ : } %K
(30103 01..4101

Taxt
Audio

TeXt prompt A r,lA.-:,v, 1:‘-71.‘,},7, ;fi”"' in ’ e

a man speaks as birds chirp and dogs bark

male speech with horns honking in the
background

drums and music playing with a man
speaking

<, Felix Kreuk, Gabriel Synnaeve, Adam Polyak, Uriel Singer, Alexandre Défossez, Jade Copet, DeviParikh, Yaniv Taigman, and Yossi Adi. Audiogen: Textually guided
66 \\\*3 audio generation. arXivpreprint arXiv:2209.15352, 2022a.
Demo at : https://felixkreuk.github.io/audiogen/
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Vall-E: « text-to-speech (TTS) or speech synthesis

ik e another possible model of discrete neural model

§2) 1P PARIS

G.richard  ® A classic pipeline in recent Text-to-speech
4 Log-mel specrogram )
\_ Wavglow, Tacotron2,.. = Hifi- Gan, Wavgrad.,... W,

* Vall-E: A different pipeline with discrete codes as intermediate representation

Personalized
' ) Speech
t
Audio Codec Decoder
VALL-E _

\

Y N A e VI A
Neural Codec Language Modeling

) . ) 4 . ‘
e e L
Phoneme Conversion Audio Codec Encoder
Text Acoustic
Prompt Prompt

Text for synthesis 3-second enrolled recording

67 /\\\\\\’3 Chengyi Wang & al. Neural Codec Language Models are Zero-Shot Text to Speech Synthesizers January 2023
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Vall-E: « text-to-speech (TTS) or speech synthesis
mEAN another possible model of discrete neural model A
Q?, IP PARIS VAL e
G. Richard °* TTS as Conditional Codec Language Modeling IEE EEEE.
D — {x_?f.. yz} Phom-me;omﬂlinn Audiotodfc&md«
& e
y'.f . AUdiG Slgll 3.-1 Text for synthesis  3-second enrolled recording
X; : corresponding phoneme transcription
* Use of an Tokenizer: a pre-trained neural audio -
codec (Encodec) 3
EI]{‘ﬂdFC(Y):CTxg 2 staged 9 16.52| - :
c;. : 8 codes for frame ¢ g
c.; : code sequence for codebook j '

Decoder
|||||-|||||

sage NN

O stagel 1243 8
residual 1

v 67
#3859

Train a neural LM to generate acoustic codes with
an optimisation objective:

max (p(C|x, C) : where C is the acoustic prompt

68 sl
N

Chengyi Wang & al. Neural Codec Language Models are Zero-Shot Text to Speech Synthesizers January 2023
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il Vall-E: « text-to-speech (TTS) or speech synthesis
m %A

another possible model of discrete neural model

'Qg,wm\ms
G. Richard - )
* The conditional codec language modelling
* Association of 2 transformer models L :
NAR Transformer Decoder
* An autoregressive model (AR) for the first x0 E‘cctd L
codebook (e.g. good quality) 1 "I g— SR S " AR 1D
Text ul |1-|||||-
o~ T — A \ 1y
p(c.1|x,C.1;0ar)) = [[;—gp(crilcct1, €1, %1 0aR) i 9 a4 | e
: . AR Transformier D‘écoder '
* An non-autoregressive (NAR) for the remaining : - e B
ones (e.g. less complex) " G2p by Ha = Bes Vs B b Ve
TeTXt EnCIt:dec
-~ i=R = U | LG | (LB
P(C.o8l%, i Onar)) =[5 ple.;|C..<j, %, C: O ar) -
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Vall-E: « text-to-speech (TTS) or speech synthesis

A another possible model of discrete neural model
’nglp PARIS
G. Richard
* Inference: In-Context Learning via Prompting
* Converts the text into a phoneme sequence and encodes the enrolled recording into an
acoustic matrix, forming the phoneme prompt and acoustic prompt.
° Both prompts are used in the AR and NAR models.
* For the AR model, sampling-based decoding conditioned on the prompts is used
* For the NAR model, greedy decoding is used to choose the token with the highest
probability.
* Finally, the neural codec decoder is used to generate the waveform conditioned on the
eight code sequences.
70 ey
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Vall-E demo

— 3 b |
dicice (replay)
'2 IP PARIS
G. Richard
* Vall-E(&" Microsoft )
° Zero-shot TTS
Speaker prompt | Ground Truth | VALL-E
They moved thereafter cautiously about the hut groping before and about
them to find something to show that Warrenton had fulfilled his mission
° ... or keeping the speaker emotion
Anger
We have to reduce the number of plastic bags. Sleepy
Amused
(£

:i VALL-E: https://www.microsoft.com/en-us/research/project/vall-e-x/vall-e/
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AudioLM: using language models for audio generation

* 3 main components:

* (i) A tokenizer model, which maps the input audio
into a sequence of discrete tokens from a finite
vocabulary

* (ii) A decoder-only Transformer language model
that operates on the discrete tokens. At inference
time, the model predicts the token sequence
autoregressively.

* (iif) A detokenizer model, which maps the
seqguence of predicted tokens back to audio

°  Motivation for the dual-token model (for speech

signal):

* Acoustic tokens: speaker identity and recording
conditions (mostly)

* Semantic tokens: capture the linguistic content
(mostly)

Acoustic tokens Semantic tokens

SoundStream w2v-BERT

[ Decoder j

4

Residual Vector
Quantizer (RVQ)

4

( Encoder )
i

{ Intermediate Layer ) —»[ k-means ]

Zalan Borsos et al. Audiolm:a language modeling approach to audio generation. IEEE/ACM Transactions on Audio, Speech, and Language Processing, 2023a.
Y. Chung et al., “W2v-BERT: Combining contrastive learning and masked language modeling for self-supervised speech pre-training,” in Proc. IEEE Autom. Speech

Recognit. Understanding Workshop, 2021, pp. 244-250.
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AudioLM: using language models for audio generation

= a0
% wreams e Hierarchical Modeling of Semantic and Acoustic Tokens
G. Richard * In all stages: a separate (decoder) Transformer is trained for predicting next tokens given previous tokens
Semantic |
modeling ‘ Semantic tokens | )
1

Coarse - Coarse acoustic wkens
acoustic modeling ’ ’ (from layers 1:Q’ of the RVQ)

Fine | Coarse acoustic tokens ‘ Fine acoustic 1okens i

acoustic modeling from layers 1:Q of the RVQ) (from layers Q'+71:Q of the RVQ)

SoundStream Decoder l

* Atinteference
* Unconditional generation: semantic tokens are sampled unconditionally and used as conditioning for acoustic modeling.

* Acoustic generation: ground-truth semantic tokens are extracted from a test sequence as conditioning to generate the
acoustic tokens.

* Generating continuations (from a short prompt):
1) generation of the continuation of semantic tokens autoregressively;

2) concatenation of the entire semantic token sequence with the coarse acoustic tokens of the prompt and then feed as
conditioning to the coarse acoustic model, which then samples the continuations of the corresponding acoustic tokens

3) the coarse acoustic tokens are processed with the fine acoustic model.
4) both the prompt and the sampled acoustic tokens are fed to the SoundStream decoder to reconstruct audio

73 \/\\\\g Zalan Borsos et al. Audiolm:a language modeling approach to audio generation. IEEE/ACM Transactions on Audio, Speech, and Language Processing, 2023a.
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\i More examples at https://google-research.github.io/seanet/audiolm/examples/

AudioLM: using language models for audio generation

Demo

Original Prompt

Speech (continuation)
Original (speech) Prompt Continuation by AudioLM

Acoustic generation « we sample the acoustic tokens given the semantic tokens extracted from the original samples from
LibriSpeech test-clean»

Original (speech) Generated (1) Generated (2)

Generation without semantic tokens : « Continuations with a language model trained on the acoustic tokens only (without
semantic tokens)”
Example 1 Example 2

An interesting example : piano continuation
Continuation by acoustic-

Continuation by AudioLM
only model

A prompt of a known piano sonata example (Beethoven N° 18) is continued in ... another known piano sonata (Beethoven —
Moonlight sonata) !
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Towards image-to-audio: the model IM2WAV

* IM2WAV: a Transformer-based audio Language Model (LM) conditioned on

Image representation

° 3 main components:

° (i) an audio encoder-decoder with a discrete
internal representation (VQ-VAE)

* (ii) a pre-trained image encoder (CLIP)
° (i) an audio language model which operates

sparse transformer)

* Some specifities:

* CLIP embeddings trained in a multimodal
context

* Use Classifier Free Guidance (CFG) to
improve generation for Low resolution (e.g.
randomly unconditional training)

over the discrete audio tokens (autoregressive

[
[y

b R

T R —

Parameters:

16 kHz Sampling frequency (4 s of sound)

5 Conv. Layers for VQ-VAE (stride 2) Enc/dec.
1st codebook after 3 layers (downsampling of 8)
2"d codebook after 5 layers (downsampling of 32)
2 k (resp. 5k) tokens in the UP (resp. LOW) model
Codebook: 2048 codes, embedding size of 128
Transformer: 48 layers, sparse attention

{ \N\i Roy Sheffer and Yossi Adi. | hear your true colors: Image guided audio generation. In ICASSP 2023- 2023 IEEE International Conference on Acoustics, Speech and
3= Signal Processing (ICASSP). IEEE, 2023.
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G. Richard
DALL-E Image Guided
Audio Generation Example
76

Roy Sheffer and Yossi Adi. | hear your true colors: Image guided audio generation. In ICASSP 2023- 2023 IEEE International Conference on Acoustics, Speech and
Signal Processing (ICASSP). IEEE, 2023.
Demo at :https://pages.cs.huji.ac.il/adiyoss-lab/im2wav/
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Towards hybrid deep learning ...

77
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e Towards Hybrid deep learning approaches

'@_‘wmms
G- Richard * Coupling model-based and deep learning:

Example with Hybrid deep model for Music signals

-
Knowledge Sources

Signal Models Physical Models

Musical Models Perceptual Models

F1 ﬁ' % Beethoven:

F2 ﬁ‘ ";j;'.;‘j*féﬁ;{5
| [ITTHINS: J\éﬁ( TS D)’

I U ¥ |
/- i \\\ /‘//—\ >4 //,—\\_ / e
" Dataset Curation ( Input ) v Hybrid Deep ) ( Loss
& Augmentation Representations Learning Models Functions

GGGE"FFFD

W
L |F

G. Richard, V. Lostanlen, Y.-H. Yang, M. Miiller, “Hybrid Deep Learning for Music Information Research”, IEEE Signal Processing Magazine - Special Issue
78 AT TN, on Model-based and Data-Driven Audio Signal Processing, 2024 (under review)

Hi-Audio, Hybrid and Interpretable Deep neural audio machines, European Research Council “Advanced Grant” [AdG) project - https://hi-audio.imt.fr/
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Towards Hybrid deep learning approaches

* Coupling model-based and deep learning

° For example, using deep learning for learning the parameters of a
signal processing model

' 'ﬁ:: |-

user input neural network  digital signal processors signal

e
%

N :*i J. Engel & al., “DDSP: Differentiable Digital Signal Processing,” in Int. Conf. on Learning Representations (ICLR), 2020.

\\\\\
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G. Richard * The example of DDSP
— FO —>i
Target —» Encoder
Audio o Z

| —
~

—

» |oudness —>‘

L

Decoder

J

Audio

. Filtered
Noise |,

Multi-Scale Spectrogram Loss

« A multi-scale spectral loss L,...

With Le = [[Mc = M1 + || log(M

.....

:Z[ﬁc

c) —

10@:( e)ll
and with ¢ = [2048, 1024, 512, 256, 128, 64] indicates the FFT
size used to compute the STFT.

80 ’i\ \\\\i J. Engel & al., “DDSP: Differentiable Digital Signal Processing,” in Int. Conf. on Learning Representations (ICLR), 2020.

Towards Hybrid deep learning approaches

Synthesized
Audio

Frequency

Tlme
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= DDSP extensions and others...
'@;w PARIS
G. Richard

* An example for unsupervised singing voice separation

Fundamental Frequency (F0) (

Differentiable Generative
Source—Filter Models
Multi-FO FO-to-Source
Estimation Assignment
1 ‘ l Source 1
. Source 2
Input DNN e Synthesized
; Source 3 3
Mixture BLENG) A~ Mixture
O\ P Source 4 [ )
—>| @ ';;%8";:;70 Sy B ER
O IO 30 =
O Ro) 1 bifessy
Other Synthesis Parameters \_

A 4

| Multi-Scale Spectrogram Loss

-
<

K Schulze-Forster, G. Richard, L. Kelley, C. Doire, R Badeau Unsupervised Music Source Separation Using Differentiable Parametric Source Models, IEEE Trans. On AASP, 2023
- G. Richard, V. Lostanlen, Y.-H. Yang, M. Muller, “Hybrid Deep Learning for Music Information Research”, IEEE Signal Processing Magazine - Special Issue on Model-based and
o).‘.\ Data-Driven Audio Signal Processing, 2024 (under review)
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Towards Hybrid deep learning

... by integrating our prior knowledge about the nature of the processed data.

Knowledge about « how the sound is produced « (e.g. sound production models)

Fundamental Frequency (FO)

I
vi vl

Multi-FO FO-to-Source
Estimation Assignment
Input DNN
Mixture
(@) O
> O<H0<H0 ||
e, RS

@ )

—>
—
—>
L
Other Synthesis Parameters

Singing voice as a source / filter model

Differentiable Generative
Source—Filter Models

Source 1
Source 2
Source 3

Source 4

Multi-Scale Spectrogram Loss

* source = vibration of vocal folds

* Filter = resonances of vocal/nasal cavities

Synthesized
Mixture

< |

Anew paradigm \

* Model is at the « core » of neural architecture

* Source separation by synthesis (no
interference from other sources)

° Learning only from the polyphonic recording
(no need of the true individual tracks)

Novel sound transformation capabilities:

* Timbre/melody of the voice,

* Lyrics, translation
k Re-harmonization
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Conclusion

* Generative Al goes beyond text generation...

Generative Audio is gaining a strong interest and a variety of models and approaches are
already proposed

Note that | have not discussed the models for symbolic music (e.g. music scores as in MIDI)

N A |
. &1 ﬁ_ :
Music score s o : "?L

Y — —————  MIDI representation (or piano roll)

G
[T

7&'
;“$‘~f

NotROff [65) NoteOTf (63) NoteOff (16 Timeshift () Representation as sequence of tokens

. which includes transformer models for symbolic music, « theme » transformer,

Groove2Groove (style transfer), long context modelling (with specific positional
encoding....)

Y.-J. Shih, S.-L. Wu, F. Zalkow, M. Miller, and Y.-H. Yang, “Theme Transformer: Symbolic music generation with theme-conditioned Transformer,” IEEE Transactions on
Multimedia, vol. 25, pp. 3495-3508, 2023.

O. Cifka, U. Simsekli, and G. Richard, “Groove2groove: One-shot music style transfer with supervision from synthetic data,” IEEE/ACM Transactions on Audio, Speech,

\\ \i and Language Processing, vol. 28, pp. 2638-2650, 2020.

Manvi Agarwal, Changhong Wang, Gaél Richard, Structure-Informed Positional Encoding For Music Generation, Accepted for publication at ICASSP 2024.



