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Deep Latent Variable Generative
Models



Generative Models

Training data Sampling
(e.g. 64x64x3=12K dims)

Daata(8) : m

*httpy//www.Iherranz.org/

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

Learn a parametric distribution py(s) as close as possible to pyara(S):

* . - ataS
0* =argmin Dy (pdata(s) I pg(s)) = argmin E,, [log pdti()}
6 0 po(s)

N
1
=argmax E,, [logpg s } /S| argmax — log po(s;
0 'Pdat. ( ) 9 N 7:21 ( Z)




Latent Variable Generative Models

Latent variable models provide a flexible and hierarchical way to
approximate probability distribution of data:

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)



Latent Variable Generative Models

Usually, p(z) = N (0, I), and py(s|z) is a parametric Gaussian distribution:

e Linear Gaussian model: py(s|z) = N(Az + p,0l)
e 0={A p,o}
e Parameter estimation is straightforward
e Not expressive enough

e Non-linear Gaussian model: py(s|z) = N(ug(z), Zg(z))
e 115(.), Xp(.): Non-linear functions implemented as deep neural networks
e Parameter estimation is challenging
e Often expressive enough




Parameter Estimation

Expectation-Maximization (EM)

:logpe(s)]

pg(s, Z)}
po(z|s)

= Epy(z)s) | log po (s, Z)} = B eel) [10gp9(z|3)]

1ng9(8) = IEpg(z|s

~

= IEP@(Z|S

~
r 1
—

e E-step: Update the posterior of z;, Vi:

_ Pgotd (si|zi)p(zi)
Dgold (Sz)

pgold(zz‘s
e M-step: Update the parameters:

Hnew

= argmax ZEl’eold (2i]s:) [logpe(sz, z;)



Parameter Estimation: Variational Inference

Variational Inference (VI)

e VI seeks an approximate density ¢(z|s) by minimizing a measure of

dissimilarity:
_ po(z|s)
Diw (a(19) || po(xls)) = ~Egita [ log "2 5
= IE:q(z\s) [1 p;((l:szf} + logp9(8) >0

e Evidence Lower-bound (ELBO):

Pa(s, Z)}

Evidence = logpg(s) > Ey(»)s) {1og q(z|s)

e Optimize the ELBO:

‘=g ax F(q,0
q BT (q,0)



Parameter Estimation: Variational Inference (continued)

In some cases, the posterior can be computed in closed-from, and
q(z) = po(z|s). As such, the KL term is zero and F(q,0) = log pg(s).

e Variational E-step: Fort=1,..., N,
1N
: ld
g = argmax Zl}-j(%’, 6°%)
J:

e M-step: Update the parameters:

N
1
6" = argmax > F;(,6)
j=1



Parameter Estimation: MCEM

Monte Carlo Expectation-Maximization (MCEM)

E-step: Sample {zgr)}ﬁzl from the posterior of z;, Vi:

peold(zi|3i> X peold($i|zz‘)P(zi)

M-step: Update the parameters:
N

1 :
=argmax Zl Eopyora(2i]s:) [logpe(si, 2;)
1=

N R
1 1 (r)
Nargmeax N El R g llogpe(si,z,' )
1= r

Qnew

e Given infinite computational resources, it yields accurate results

Computationally expensive and not scalable to high-dimensions



Parameter Estimation: Variational Autoencoder

Variational Autoencoder (VAE)

p(z) = N(0,1I)

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

VAE approximates py(z|s) with a parametric Gaussian distribution:
a(218) = N (1y(5), By ()

where, p,,(.) and 3, (.) are non-linear functions implemented as deep

Recall the generative model:

neural networks with parameters ). X(.) is diagonal.

ueaw

sample

2duelIeA



Parameter Estimation: Variational Autoencoder (continued)

The set of parameters {0,1} are estimated by maximizing the ELBO:

po(s; )
F(8,%) = By (s1s) | log |
(0,9) 0y (z|s) v (2]3)
=Eq,(21s) {logpe(s\z)] — Dk (qw(zfs) | p(z)>
Reconstruction term Regularization term

~logpa(sl=0) — Dia (ay(219) || p(2))

where, zy, = p,(s) + € © diag(Zy(s)) ~ qy(z[s), €~ N(0,I)

Stochastic gradient descent:

N
1 A
gnew) yy(new) _ arg Helix N ;logpg(s]zﬁb) — DL <qw(zi|s) I p(zi)>



Audio-visual Speech Enhancement



Speech Enhancement

noisy mixture clean
signal speech signal
[ Remove the background noise from the observed mixture speech. j

In the short-time Fourier transform (STFT) domain, for all
(f,n)eB={0,....F —1} x {0,..., N — 1}, we observe:

ZTin = Sgn + brn vectorized representation: X, = S, + by,

e sr, corresponds to clean speech signal.
e by, corresponds to noise signal.

e fis the frequency index and n the time-frame index.
10



Audio-visual Speech Enhancement (AVSE)

e Visual data, i.e. lips movements, provides some complementary
information about the unknown speech.

e For highly noisy audio recordings, visual information can be very
helpful.

[We aim to efficiently fuse audio and visual modalities for speech enhancement]

11



Supervised/Unsupervised AVSE

Supervised: Learn a mapping from clean visual data and noisy audio data
to clean audio data:

video encodar

- .
= & A
1 it layers
video frames ) shared embedding T
7 ) N
g» Iim o

naisy speech . ,
audio encoder

audia decoder

Figure 1: Supervised audio-visual speech enhancement [Gabbby et al., 2018]

Unsupervised (our work): Learn a generative audio-visual model for
clean speech and combine it with an unsupervised noise model at test time

12



Audio-only VAE [Bando et al., 2018; Leglaive et al., 2018]

Generative model (Decoder):

Each clean spectrogram time frame s,, is assumed to be generated as:
snlzn ~ N.(0,diag(o5(z0)) ), p(za) = N(0, 1)

Inference network (Encoder):

a(zalsn; %) = N (12(s0), diag(o(s0))

ueaw

sample
—_—

soueleA
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Video-only VAE [Sadeghi et al., 2019]

Generative model (Decoder)?:
sulzn ~ N (0,diag(0(20))),  plza) = N(0,1)

Inference network (Encoder):

Infer the posterior using visual data only:

a(2alvai %) = N ((0n), ding(02(v2)))

ueaw

sample
—_—

aoueLIRA

1l\/l. Sadeghi et al., “Audio-visual Speech Enhancement Using Conditional Variational Auto-Encoder,” [Available Online]
https://arxiv.org/abs/1908.02590, August 2019.
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Audio-visual VAE [Sadeghi et al., 2019]

Inspired by conditional VAE (CVAE), use visual data as some deterministic
information

Generative network (Decoder):

Each clean spectrogram time frame s,, is assumed to be generated as:

Sn|Zn, Vi NNC<O,diag(ch(zn,vn)))
zalva  ~ N (1x(v0), ding(o2(va)

> v, is an embedding for the image of the speaker lips at frame n.

Inference network (Encoder):

Q(Zn|sna Vin; ’¢) — N(,U’sz(sna ’Un>, diag(agv(sny Vn)))

15



Audio-visual VAE

Encoder and decoder networks:

sample

2doueLIeA
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Training AV-VAE

Training samples:
e Clean speech spectrogram time frames: {sn}N”_1

e Associated visual data: {v,, }2r

Optimize the ELBO:

Nip—1
1
LO.Y) =5~ Y 0 Eyiayiv | Inp(Sulzn, vei 6) | +
" n=0

(1= )+ (Batannivaiey [ 100 (5nl2n, V23 0) | = Dic (4 (@nlsns vas ) || pzalv)))

e 0 <« <1 gives some reconstruction power to the prior network

17



Speech Enhancement

Noisy speech model: Yn: x,=s,+b,

Noise model: Vn: b, ~ N (0,diag(WpH,[:,n]))

Clean speech model: Trained generative network:
p(8n|Zn,vn) = Ne (O, diag(os(zn, vn)))
Palve) =N (p:(va), ding(o2(v2)) )

Inference:
> Parameters to be estimated: 6, = {W;, H,}
> Observed variables: x = {x,})" !, v = {v,})}

N—-1

> Latent variables: z = {Zn}nzo

> Likelihood:
D(En|Zn, Vi B) = No <O,diag(as(zn,vn)) 4 diag(Wbe[:,n}))

18



Parameter Estimation: MCEM

From an initialization @] of the parameters, iterate:

o E-Step: Q(euve*) = /)(zxv() [lnp(x,z,v;eu)].

Intractable expectation — Markov chain Monte Carlo method.

Q(6,;07) ! Zlnp v;0,)

r=1
The samples {z” ’}7:17“_7}%
p(z|x, v;0) using the Metropolis-Hastings method.

are i.i.d. and asymptotically drawn from

> Note: Inp(x,z("),v;0,) = Inp(x|z"),v;0,) + Inp(z")|v)

e M-Step: ), < argmaxgy Q(6,;6;).
Minorize-maximize approach leading to multiplicative update rules.

19



Speech Estimation

Once the parameters are estimated, the speech STFT frames are
estimated via a Wiener-like filtering (Vf,n):

Sfn = EP(an|zfn7Vn§BZ)[an}

= }Ep(zn|xn,vn;02) |:}Ep(5fn|zn,vn7xn§92)[Sf”}j|

g;UsJ(van) :| i
9?205,f(zm Vn) + (WZHZ)f»" I

= Ep(zalxn,vni6%) {

where, 67, denotes the set of estimated parameters by the MCEM method.

> As before, the intractable posterior is approximated by a Markov chain
Monte Carlo method.

20



> NTCD-TIMIT dataset [Abdelaziz, 2017]

e Audio-visual recordings in controlled conditions
e Clean audio as well as noisy versions

e Frontal video frames with 30 FPS- 67 x 67 lips images

> Training set (~ 5 hours): 39 speakers x 98 sentences x 5 seconds
> Test set (~ 1 hour): 9 speakers x 98 sentences x 5 seconds

> Noise levels: —15 dB, —10 dB, —5 dB, 0 dB, 5 dB and 15 dB

> Noise types: Living Room (LR), White, Cafe, Car, Babble, and Street

21



Networks architectures:

@ A-VAE:
e Decoder: Single hidden layer, 128 nodes, hyperbolic tangent
activations. Input dimension: 32 (latent space).
e Encoder: Single hidden layer, 128 nodes, hyperbolic tangent
activations. Input dimension: 513 (spectrogram time frame).

© V-VAE:
e Decoder: Same as A-VAE.

e Encoder: Two hidden layers, 512 and 128 nodes, ReLU activations.
Input dimension: 4489 (67 x 67).

© AV-VAE: Shares the same architecure as that of AV-VAE with visual
embeddings being concatenated with the encoder’'s and decoder’s input.

> The prior network of the latent variables in AV-VAE takes the same architecture
as that of V-VAE's encoder.

22



Results

Objective measures (the higher, the better)

e Signal-to-distortion ratio (SDR).
e Perceptual evaluation of speech quality (PESQ) measure.

e Short-time objective intelligibility (STOI).

Improvement with respect to the input:
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- —— V-VAE - —+— V-VAE - —— V-VAE
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-15 -10 -5 0 5 15 -15 -10 -5 ) 5 15 -15 -10 -5 [ 5 15
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(a) PESQ (b) SDR (c) sTOI

Audio Examples: https://team.inria.fr/perception/research/av-vae-se/
23
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Robust Audio-visual Speech
Enhancement




Introduction

AV-VAE usually yields better results than A-VAE, especially at low SNRs,
provided clean (frontal, non-occluded) visual data [Sadeghi et al., 2019].

Noisy visual data:

Some video frames might contain occluded and/or non-frontal lips region.

[ How to effectively benefit from AV-VAE for in-the-wild video recordings? j

24



Our work: VAE mixture model (VAE-MM)

A mixture of A-VAE plus AV-VAE generative model:

e If the lips region is clean, use AV-VAE, otherwise use A-VAE.

The A-VAE and AV-VAE have been already trained on clean data.

25



Generative model

Mixture generative model: Combine A-VAE with AV-VAE

PSnl2n, Vo, o) = [NC(O’diag(U?(zn)))}a; {NC(O,diag(cr,‘é“fzn.,vn)))ﬂ1_%

VOB X [V (ki(wn), disglorva)) ]

play,) =7 x (1 —m)l=on,

p(zn|vny an)

ay, € {0,1} is a latent variable specifying the component of the mixture model

that is used by the n-th frame.

26



Parameter Estimation (test time)

Noisy speech model: Yn: x,=8,+b,
Noise model: Vn: by ~N, (O,diag(Wbe[:,n]))

Clean speech model: Mixture of A-VAE and AV-VAE generative networks

Inference:

> Observed variables: {xn,vn}ggol

N-1

> Latent variables: {sn,zn,an}nzo

> Parameters to be estimated: 0, = {W,, Hy, 7}

27



Parameter Estimation (test time)

Variational Expectation-maximization (VEM)

Variational E-Step:

The intractable posterior p(s,, Zn, @ |Xn, Vi; 0.,) is approximated by a variational
distribution factorizing as follows:

7(Sn, Zn, 0n) = 7(8n) 7(2n) 7(an).

The update formulas for the variational distributions [Bishop, 2006]:

VE Sp-step: T(Sn) X exp (Er(zn)-r(an) |:10g p(Xm SnyZn, Qn,y Vi 0u)i| )
VE Zy-Step: T(Zn) X exXp (Er(sn)r(an) [Ing(Xnv SnsZn, On, Vi, Ou)} )

VE a,-step:  7(ay,) o exp (ET(Sn).T(zn) [logp(xn, Sn, Zn, Clny Vi Bu)D

28



= N di Mfn = ’an+(z}6:Hb)f7L "Tin
T(Sn) - c(mny |ag(1/n))7 Yin-(WeHp) 7,
Vin = Yin+(WoHs) ¢,

which can be interpreted is an averaged Wiener filtering.
’yfir} = Za €{0,1} T(an) : 77?;{ (weighted precision over audio and audio-visual cases),

an _ | 1 ~ 1 D 1 .
N . —— | = —_— average precision
njn (2zn) |:Ujffb (Zn,Vn)} D Zd:l o:f}(z(nd),vn) ( gep )'

and {zs{Jl)}dD:1 is a sequence sampled from r(z,,). Moreover:

a _
O_?}(anv’n) _ {O’s,f(zn) an—l .
) Otswf(znavn) ap = 0

29



For r(z,) we obtain the following result:

7(zy) o exp ( Z r(ay) - [logp(zn\vn.,an)—l—

a,€{0,1}
mn|? +vin
S (a 7 )J fn D
: 0og O'S’f(zn Vn) Ui?-(zn,vn)

The above distribution cannot be computed in closed-from. Nevertheless, we can
draw samples from it using the Metropolis-Hastings (MH) algorithm (see our

paper for more details).

30



To update the variational distribution of «,, we can write:

r(an) X exp (Er(sn)-'r‘(zn) [lng(Sn|Zn, Vi, an) + Ing(anvru an) + Ing(an):D

which is a Bernoulli distribution with

(Sm Zn|vn,7 Qp = 1)
(Sny Zn|Vn, ap = 0)

+ log

=)
1—m

as the parameter, which is an averaged audio/audio-visual ratio. Here, g(.)

p
W, = g(]Er(s”)'T(zn) |:1Og P

denotes the sigmoid function defined as g(z) = 1/(1 + exp(—x)).

31



Parameters Update and Speech Estimation

M-Step:

Update parameters by optimizing the complete data log-likelihood:

Q(Gu; Ozld) = Er(sn)~7‘(zn)~7‘(<yn) |:10gp(xna SnyZn, On,y Vi Ou)]

@ |xfn*mfn‘2+yfn
= — log (W(,Hb) T
fZTL: f (Wbe)fn

+ mplogm + (1 — m,) log(1 — 7).

Speech Estimation:

After the convergence of the VEM, the speech STFT frames are estimated using

an averaged Wiener filtering:

Yin
Vo + (Wi HS)

Sn =Eo(sy)[spnl = T V(f,n)

fn

32



e Noisy+clean speech: NTCD-TIMIT database [Abdelaziz, 2017]

e VAE models: Pre-trained A-VAE and AV-VAE [Sadeghi et al., 2019]

e Setup:

Testing set of NTCD-TIMIT database;

~ 1 hours of speech;

9 speakers;

Noise types: LR, White, Cafe, Car, Babble, and Street;

Noise levels: —15,—10,—5,0,5,10 dB;

270 noisy mixtures per noise level;

Different speakers and sentences than in the training set;

Clean lips region as well as noisy versions (~ one-third of total video
frames per sample)

33



Results

Objective measures (the higher, the better)

e Signal-to-distortion ratio (SDR).

e Perceptual evaluation of speech quality (PESQ) measure.

Improvement with respect to the input:
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34



Mixture of Audio-visual Inference
Networks




Introduction

ueaw

sample
> Zn

adueLieA

ueaw

sample
T e

2doueLen

> Initialization of latent codes at test phase: Posterior mean of the encoder.

A-VAE: inputs noisy speech, while V-VAE inputs clean visual data.

> Better audio-visual fusion: Concatenating audio and visual data or tight fusion

(AV-VAE) is not good when one modality is very weak.

How to take advantage of both A-VAE and V-VAE and provide a better
audio-visual fusion?

35



Mixture of Inference Networks VAE (MIN-VAE)

Train a mixture of audio and visual inference networks:?

ueaw

@oueLIeA

2oueLeA

I&" The shared generative model (decoder) is trained using both audio and

visual latent codes

BS” Once trained, the latent codes at test phase can be initialized using the

visual encoder

2M. Sadeghi and X. Alameda-Pineda, “Mixture of Inference Networks for VAE-based Audio-visual Speech Enhancement,”

[Available Online] https://arxiv.org/abs/1912.10647, May 2020.
36
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Mixture of Inference Networks: Generative Model

The generative model for each s,;:

Sn|Zn, Vi ~ /\/'C<O,diag(0's(zn,vn)))
Zn|oy ~ [N(Mm UaI)} o [N(va UUI)} s

an ~ " x (1 —m)t=on

e Each latent code, z,, is generated either from an audio or from a video prior,
e The audio and video priors are parametrized by (u,,0,) and (w,,0y),

e A mixing variable «v,, € {0, 1} describes whether z,, corresponds to the audio

or to the video prior.

37



Training MIN-VAE

Posterior distribution of the latent variables:
p(Zn, an|sn7 Vn) - p(Zn!Sn, Vi, an) : p(an|sm Vn)~

The two posteriors in the RHS are intractable. We assume some

variational approximation:

q(zn|sn; @,) an =1 (audio encoder)
Q(Zn|smvn7an§¢) = .
q(zn|Vn; ¢,) an =0 (video encoder)

A variational distribution, denoted (), is considered for p(ay|sp, V).

Final approximation

p(Zn, Ozn|Sn,Vn) ~ Q(Zn|snavn704n§ ¢) : r(an)

38



Training MIN-VAE

Inference:

> Observed variables: s = {sn}N” Yand v = {Vn}N” !

Ntr 1 ]\715771

> Latent variables: z = {z,}, ", and a = {a,}, "

> Parameters to be estimated: © = {¥, ¢, 7, u,, by, 0a, 0} and r

We target a lower bound on the data log-likelihood log p(s, v; 0):
TS L(O,r) =

p(s|z; 0)p(z|a)p(ar)
q(zls, v, o ¥)r(a)

max / q(z|s, v, a; ¢¥)r(a) log dzda
Z,A

e,r

)

39



Training MIN-VAE

o r(am) =73 (1 - my) Lo

Jn(an) =Dk <Q(Zn|sn7 Vn, Qnj ¢)HP(Zn\an)> - logp(sn\zg",vn; 0)
Z%n RS q(Zn\Sn,Vm@n;Cﬁ)
e O is updated by:

o N;)E() [Jntan)] +Dice (v @) | lan)

e Stochastic gradient descent for ¢, 0, p,,, .y, Oa, o
1 NM‘

® T=TN,, Zm=1

Tn

40



Parameter Estimation (test time)

Noisy speech model: VYn: x,=8,+b,
Noise model: Vn: by ~N, (O,diag(Wbe[:,n]))
Clean speech model: Trained MIN-VAE

Sn|Zn, Vi, ~ N (O,diag(as(zn,vn))>

Zn‘an ~ [N(Ilfa, UQI)} o |:N(l’l’1)7 U/UI)} I—anp

ap ~ T x (1 —m)l=on

Inference:

> Observed variables: {x,,, v, })_;

N-1
> Latent variables: {s,, 2,0} _

> Parameters to be estimated: 0, = {Wb,Hb, T}

41



Parameter Estimation (test time)

Intractable posterior— variational approximation:
T(Sn,Zn, an) = T(sn) X T(Zn) X T(an)

Vin

Mfn = 5 FwmH),, " Tfn
_ Vfne (WH)f,7
Vin = 57 (WH),,

VE s,,-step:  r(sn) = Ne(mypn, vin),

=1l
Tin :DZd 1gf(zd> "

sz” ~r(zn), d=1,...,D
VE z,,-step: (%) o exp (Zf —log (as’f(zmvn)) — %

+ Z T(an)-[logp(zn\an)D

ane{0,1}

VE a,,-step: (o) = wen - (1 — mp) 1%,

Tp = Q(Er(zn) {log zgzzzzzé;] +log : iﬂ-)

42



Parameters Update and Speech Estimation

M-Step:
Update parameters by optimizing the complete data log-likelihood:
Q(Ou, ezld) = Er(sn)ﬂr(zn,)'r((yn) [Ing(Xna Sny Zn, On,y Vi eu)}
= Er(s,L) [logp(xn|sn; gu)} + Er(a”) [logp(ozn)}

@ |xfn_mfn‘2+yfn
= > —log(WyHy),, —
fzﬂ; f (Wbe)fn

+ 7y logm 4+ (1 —7,) log(1 — ).

Speech Estimation:

After the convergence of the VEM, the speech STFT frames are estimated using
an averaged Wiener filtering:

Yin
Vo + (WHHE)

S¢n = Ep(sp ) [s5n] = ‘T V(fin)

fn
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Experiments

Settings similar as before with the NTCD-TIMIT dataset
MIN-VAE-v1:

MIN-VAE-v2:
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Results

0.4

(a) PESQ

(b) SDR

(c) sTOI

Adding noise to one-third of spectrograms input to audio-encoder:

Improvement
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Conclusion and Future Work

Variational autoencoders provide efficient ways to fuse audio and
visual modalities for clean speech modeling and speech

enhancement.

e The VEM framework is slow. Trying to re-use the trained encoders at
inference time can reduce the complexity.

e Temporal modeling of the latent variables to benefit from time dependency
between audio as well as visual frames.

e Extending the robust VAE to more than two models: A-VAE, V-VAE, and
AV-VAE.
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[ Thank you for your attention ]
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