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Variational autoencoders
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A generative model based on a latent space

_.«z'.
A

Encoder

Kingma & Welling 2013




// i
VARIATIONAL AUTOENCODER

Al % A generative model based on a latent space

Ve &/ ‘,‘ // \\\
I/ \\ /
/ // y/,/

‘(‘ o ,f'f Samplin
g A pling

Kingma & Welling 2013




. 7'/

/ \IARIATIONAL AUTOENCODER

A generative model based on a latent space

Sampling

= RK

Kingma & Welling 2013




. 7'/

/ \IARIATIONAL AUTOENCODER

A generative model based on a latent space

Sampling

= RK

K
engo(eley [~10gP(]2)] + ) KL (g4 (2e]2) | |p(2)]

n=ll

E

—FELBO = L(0,¢) = ExNP(r)

Kingma & Welling 2013




. 7'/

/ \IARIATIONAL AUTOENCODER

A generative model based on a latent space

Sampling

= RK

Kingma & Welling 2013




 /

7 4 VARIATIONAL AUTOENCODER

And informative components
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VARIATIONAL AUTOENCODER

And disentanglement

f 21 29 Z3 24 =5
+(301(9))
1r(9)

Each latent variable is informative, and
entangled with the others
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Of the Variational Autoencoder

5

Information

Each latent variable is
informative

Entanglement

Each latent variable is
correlated with each
other
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Simple priors

The commonly used
distribution for the
prior law is a
gaussian with identity
covariance

Lower bound of
the evidence
The maximized
criterion is a lower
bound of the true
distribution
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And one alternative
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VARIATIONAL AUTOENCODER

And one alternative

: 21 ) 23 =4 <5 <6
+(30%(¢))
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Better separation between informative and uninformative components,
better disentanglement, but at the expense of the reconstruction quality

—
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Kim & al. 2018

LIMITATIONS

From the latter alternative
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LIMITATIONS

From the latter alternative

2

Erwp(m) [‘?KL [qO (3‘t) ’ ’p( )H

¢

=81, (=; 2) - BKL[g(=)]|p(

&

2

¢

)]

11



N
=" =
£
©
—_
!

02

ASSUMPTIONS &
OBJECTIVES

Inferred variances and informative components
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Adjusting latent space

Auto adjustment of the latent
space size depending on the
data complexity

OBJECTIVES

For the proposed modeling

By not adding a weighting term
that could impact the
reconstruction quality

No compromise on
reconstruction

©)] ©
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il

Limit architectural
complexity

By restraining the number of
learnable parameters
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Underlying the current work
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Informative components
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Histogram of inferred variance over 200 samples of a
learned beta-VAE with beta = 150 . .
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Informative components
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The Normal-Gamma Variational-Autoencoder
(NGVAE)
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RELAXING ASSUMPTIONS

To enable the gradient backpropagation

‘/ Model mixture sigmoid for alpha and beta
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REPARAMETERIZATION TRICK

To enable the gradient backpropagation
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REPARAMETERIZATION TRICK

To enable the gradient backpropagation
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Can be computed
analytically
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NN REPARAMETERIZATION TRICK

To enable the gradient backpropagation
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Y Y
Raises difficulties for Can be computed
the calculation of the analytically
gradient

23



VOQ‘C(C) 0) —

REPARAMETERIZATION TRICK

To enable the gradient backpropagation
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e Changing of variables : weak
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Ruiz & al. 2016
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REPARAMETERIZATION TRICK

To enable the gradient backpropagation
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Separation in the latent space
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RESULTS

Separation in the latent space
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The latent space is clearly separated between informative and uninformative
components, reconstruction is not impacted
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RESULTS

Separation in the latent space
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Separation in the latent space
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RESULTS

Separation in the latent space

Clear separated latent
space

Scaled empirical covariance matrices of the latent variables over
the whole dataset for, from top-left to bottom-right: the NGVAE,
the beta-VAE with eta=150, the betaSVAE with beta=27 and the
vanilla-VAE.

Comparing to other state of the art
architectures, the proposed model is
able to discriminate between
informative and  uninformative
components

28



Entropy (-)

Decorrelation

+)

Disentanglem
ent (+)

Information

RESULTS

Separation in the latent space

Vanilla

Beta-VAE
(27)

Beta-VAE
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Improving disentanglement & measuring uncertainties/
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CONCLUSION

Automatically defines the number of
informative components of the latent
space

Number  of informative components
matching the number of generative
factors

No needs of adjusting dataset dependent
hyperparameters

However, the reparametrization involving
jacobian is computationally expensive
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FUTURE WORK

Application on state of the art dataset

Improving disentanglement within the latent
space

Extending to flat hierarchical representation
for uncertainty measurement
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