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@ Deep Latent Variable Generative Models

© Audio-visual Speech Enhancement



Deep Latent Variable Generative
Models



Generative Models

Training data Sampling
(e.g. 64x64x3=12K dims)
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*httpy//www.Iherranz.org/

Objective: Learning/simulating a complicated probability distribution of data,
Ddatar Siven some training samples: s; ~ pg.(s), i=1,..., N.




Generative Models

Training data Sampling
(e.g. 64x64x3=12K dims)
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Objective: Learning/simulating a complicated probability distribution of data,
Ddatar Siven some training samples: s; ~ pg.(s), i=1,..., N.

Learn a parametric distribution py(s) as close as possible to pyai($):

0* :arg;nin Dy (pdata(s) | pg(s))

N

1
=argmax E,, [logpg s ] /& |argmax — log py(s;
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Latent Variable Generative Models

e s € R™: observed variable

e z € R’ latent variable, a concise representation of s (¢ < n)

z ~ pg(2)

s|z ~ po(s|z)

s i) = / po(s, 2)dz = / po(s|2)pe(2)dz



Latent Variable Generative Models

e s € R™: observed variable

e z € R’ latent variable, a concise representation of s (¢ < n)

z ~ pg(2)

s|z ~ po(s|z)

s i) = / po(s, 2)dz = / po(s|2)pe(2)dz

Generating new samples:

Draw zj ~ pg(z), then draw a new sample s, ~ py(s|zx)




Parameter Estimation: Variational Autoencoder

Variational Autoencoder (VAE)

p(z) = N(0,1)

Po(sl2) = N (19(2), Zo(2))

VAE approximates pyg(z|s) with a parametric Gaussian distribution:

au(21s) = N (y(s), Ty (s))

Recall the generative model:



Parameter Estimation: Variational Autoencoder

Variational Autoencoder (VAE)

p(z) = N(0,I)

Po(sl2) = N (19(2), Zo(2))

VAE approximates pyg(z|s) with a parametric Gaussian distribution:

au(21s) = N (y(s), Ty (s))

Recall the generative model:
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Audio-visual Speech Enhancement



Speech spectrogram

e A visual representation of

Speech waveform

the spectrum of frequencies
based on Short-time

Fourier transform (STFT). DFTZ/{ \\
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Speech auto-encoding using VAE

Original spectrogram

Original signal
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Reconstructed signal

I ) Reconstructed spectrogram

Latent variables
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Time (s)
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Speech generation using VAE

Sample a latent code z from the prior, and give to the decoder to get a

speech-like signal.

Generated signal

<)

e Structured as a phoneme

Frequency (Hz)

sequence, voiced/unvoiced
phonemes

e Coarticulation, silences

https://dynamicalvae.github.io/
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Speech Enhancement

e

noisy speech clear_m
signal speech signal

noisy speech clean speech noise

Improve the quality and intelligibility of the observed noisy speech signal x.

e Close/distant conversations, listening comfort, hearing assistive devices.

e Automatic speech recognition for virtual assistants, social robots.



Audio-visual Speech Enhancement (AVSE)

Visual modality (lip movements):

o Correlates well with speech signal (lip reading),

e Very helpful at highly noisy environments (unaffected by acoustic noise).

& s — Gy — oo

noisy speech clean
signal speech signal
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Given noisy speech observation x = s+ n & visual data v, estimate the clean
speech signal, s.




Supervised (discriminative) AVSE

Model pg(s|x, V), and learn ©:

Audio

encoder \

v Fusion —> Decoder —>

. e_>V|dec::I
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Supervised (discriminative) AVSE

Model pg(s|x, V), and learn ©:

Audio

encoder \

v Fusion —> Decoder —>

" e_>\hde?:l
T~ | encoder

State-of-the-art performance, but ...

e Needs a huge audiovisual parallel (noise signal, clean speech) corpus

e Very deep and complex networks



Unsupervised (generative) AVSE

Speech enhancement without training on noise.

Model pe(s|x, v) o« py(x]s, v) - ps(s|v), and learn © = 6 U ¢):
—_——— —\—
Inference Training
e Training - Learn speech prior distribution pg(s|v)

e Inference - Model py(x[s, V), and infer s using py(s|v)

10



Unsupervised (generative) AVSE

Speech enhancement without training on noise.

Model pe(s|x, v) o« py(x]s, v) - ps(s|v), and learn © = 6 U ¢):
—_——— —\—
Inference Training
e Training - Learn speech prior distribution pg(s|v)

e Inference - Model py(x[s, V), and infer s using py(s|v)

> Advantages over supervised approaches:

e No need to huge parallel corpora — compact & lightweight models

e Potentially better generalization performance
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VAE architectures
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Speech Enhancement

Observation model: Vi: x =8 +ny
Noise model: Vt: my~N.(0,diag(WH]:, ]))

Clean speech model: Trained generative (decoder) network.

Audio
decoder

V4
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Speech Enhancement

Inference:
> Parameters to be estimated: ¢ = {W,H}

> Observed variables: {(x:,v¢)}l,

: T
> Latent variables: z = {Zt}t:1

> Likelihood:

Py (xt|ze, vi) = Ne (07 diag(o§” (¢, v¢)) + diag(WHI:, t]))

Parameter estimation:

Y* = argmax log py (x|v) = argmax/logpﬂ,(:c,z]v)dz
Y ¥
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Parameter Estimation

Expectation Maximization (EM)

From an initialization )(?) of the parameters, iterate:

° E-Step: (w‘w ) — —‘/; () (z|x,v) [logpdi(x z V)]

Intractable expectation — Markov chain Monte Carlo method.

Q™) ~ Z log py(x, 2", v)
{Z" ‘}fil ~ p(z|x,v; 0})
e M-Step: Pkt argmax,, Qv ™).
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Speech Estimation

Once the parameters are estimated, the speech STFT frames are
estimated as follows (Vf,1):

St = qu/;* (srelzpe,ve) [Sft]

= Epw*(zt\xtvvt) [Em*(szIZt,Vuxt) [sft]}

av

5 o5, (2t vt) »
P vy o5 (ze, vi) + (W*H*) p, o0

where, 1" denotes the set of estimated parameters by the EM method.
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Noisy A-VAE

V-VAE AV-VAE
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[ Thank you for your attention ]
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