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GAN vs VAE

GAN focuses on modeling the input distribution, P(x)

VAE focuses on the continuous latent space code to indirectly model the input
distribution, P(x)

0" = argmax pmodel(x(i)} 9)
] | Py) = | Py(alm)P()dz
6" = argmaxlog 1_[ Pmoder(xV; 9)
i=1
L Z|lx) = Py(z|x
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= VAE
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GAN vs VAE

GAN tends to generate more
realistic synthetic signals

VAE-generated-sighalsappear
rore-blorey
Very Deep VAEs Generalize
Autoregressive Models and

can Outperform them on
Images (ICLR 2021)

Low resolution High resolution

Figure 1: Selected samples from our very deep VAE on FFHQ-256, and a demonstration of
the learned generative process. VAEs can learn to first generate global features at low resolution,
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GAN vs VAE

Unlike GAN, VAE provides a suitable
variational framework for Bayesian
inference and learning with latent
variables

Robot Inference;

If the mango is ripe, I'll harvest it.
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Input distribution Px) and Joint distribution P ,x,z)

x~Py(x)

In machine learning, we are interested in finding P, (x, z), the joint
distribution between x and latent code z

PQ(X) — ng(x,Z)dz

However, Py(x, z) is intractable or it does not have an analytic form or
a good estimator.
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Source: http://mmlab.ie.cuhk.edu.hk/projects/CelebA.html



Using Bayes Theorem

Py(x) = ng(xlz)P(z)dz

A neural network can easily ignore Py (x|z) to come up with a trivial
solution Py (x|z) = Py (x).

Py(x) = ng(zlx)P(x)dz

However, Py(z|x) is also intractable.



Variational Inference Model (Encoder)

Qp(z|x) = Py(z|x)
Q4 (z|x) provides a good estimate of Py(z|x)

Q4 (z|x) is parametric and tractable.

Q4(z|x) can be approximated by deep neural networks by optimizing
the parameters ¢.



Variational Inference Model (Encoder)

Typically, Q4 (z|x) is chosen to be a multivariate Gaussian:

Qs (z1%) = N (2 n(x), diag (o (x)))

Both mean, u(x), and standard deviation, (x), are computed by the
encoder neural network from the input data points.

The diagonal matrix implies that the elements of z are independent.



Probabilistic Graphical Model of VAE
Qe (z]x) Py(x|z)

Sampling of z
(D —®

To estimate P, (x), we must identify its relationship
with Q¢(Z|x) and PQ (x|Z).




Core Equation of VAE

If Qp(z|x) is an estimate of Py (z|x), the Kullback-Leibler (KL)

divergence determines the distance between these two conditional
densities:

Dy (Qp (z1%)||Pg (z1%)) = E,~q[log @y (zlx) — log Py (z|x)]
Using Bayes Theorem:
Dy (Qp (zI0)||Po ()
=E,-0 [log Qs (z|x) —log Py(x|z) — log Py(2) ] + log Py (x)



Core Equation of VAE

Recognizing log Q4 (z|x) —log Pg(z) = Dy, (Q¢ (ZlX)“Pg (z)) ;

log P(x) — Dyy (Qg (z10)||Po(21%) ) = E,-q[log Pe(x12)] — Dy (Qy(212)]|Pe(2))

| | | |

Term being Distance between Q and Decoder Distance between Q
maximized true P: Approx Zero (Reconstruction) and Prior P(z)

Left Side is known as Evidence
Lower Bound (ELBO) of log,P(x)



Core Equation of VAE

Maximizing ELBO by optimizing the parameters ¢ and 8 of the neural
network means:

* Dy (Q¢ (zIx)”Pg (zIx)) — 0 or the inference model is getting better
in encoding the attributes of x in z.

* log Py(x|z) on the right-hand side of Equation 8.1.10 is maximized or
the decoder model is getting better in reconstructing x from the
latent vector z.



Optimization

* The decoder term [E, [log Py(x|z)] means that the generator takes
z samples from the output of the inference model to reconstruct the

inputs.

* Maximizing this term implies that we minimize a Reconstruction Loss,
Lp.

* If the image distribution is assumed to be Gaussian, MSE can be used.

* If every pixel is considered a Bernoulli distribution, the loss function is
a binary cross entropy.



Optimization

* The second term, —Dg (Q(p (ZlX)”Pg (z)), turns out to be straightforward
to evaluate.

* Q4 is a Gaussian distribution.

* Typically, Py(z) = P(z) = N (0,1) is also a Gaussian with zero mean and
standard deviation equal to 1.0. The KL term simplifies to:

—Lg =—Dk1 (Q¢(Z|x)||P9(Z)) = % §=1 (1 + 108(“])2 - (.Uj)z - (Uj)z)

where ] is the dimensionality of z. Both y; and o; are functions of x
computed through the inference model. To maximize —Dg;, g; = 1 and

=0



VAE Loss Function

Lyag = Lp + Lg;



Training VAE

Reconstruction Loss

v Decoder

Sampling

KL Loss <

Encoder

Without Reparameterization Trick



Training VAE

No problem with forward computation in the network
Problem is backpropagation gradients will not pass through the stochastic

Sampling block
e While it is fine to have stochastic inputs for neural networks, it is not possible

for gradients to go through a stochastic layer.



Reparameterization Trick

e The solution to this problem is to push out the Sampling process
The solution is to sample € from an isotropic Gaussian distribution and adjust
the value using the encoder predicted u and o

e Compute the sample as:

Sample = un + eo



Training VAE using Reparameterization Trick

Reconstruction Loss Reconstruction Loss

Without Reparameterization Trick With Reparameterization Trick



Decoder Testing

No need for the encoder

Sample directly from isotropic unit
Gaussian to generate x Decoder P

Sampling

|

| N |




Example distribution
for 2-dim z (VAE MLP)
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Example distribution for 2-dim z

(VAE MLP)
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2-dim Autoencoder vs 2-dim VAE

15 9

10

~15 4

Autoencoder




2-dim Autoencoder vs 2-dim VAE
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Example distribution for 2-dim z

(VAE CNN)
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Conditional VAE

log Py (x|c) — Dy, (Qy (2lx, ©)|Py (21, ©) ) = E,-qllog P (x|, ©)] — Dy, (4 (zlx, ©)|| Py (2lc) )

No change in the loss function

* Reconstruction Loss of the decoder given both the latent vector and
the condition

* KL Loss between the encoder given both the latent vector and the
condition and the prior distribution given the condition. Similar to
VAE, typically we choose Py(z|c) = P(z|c) = NV (0,1).



Example distribution for

2-dim z

(VAE CNN)
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CVAE Sample Outputs
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CVAE Sample Outputs

VAR 2R V2R YA Vel Yol I T SN
T8 T2 ol "2k VA VA 0 O T
rrevuvuuu\y
Frevvunuu,Ly\
Fevvuuvuunw,yL L\

FOOLOLuLhLL,L )\,

F oF o ¢ v o rm s s NGB
o of o7 o0 nrama NN
~N~\1....\..(;7)7)))))/;
@ @ 000NN
€@ 00 mtn N \E
OO mny S\ E
OOOOMMN NN,
D000 M™MN
D000 N
00000 N

"
S
"

NN
nN
IR



CVAE Sample
Outputs
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Beta-VAE - Disentangled Representation VAE

e |Intuitively, we define a vector representation as disentangled, if it can be
decomposed into a number of subspaces, each one of which is compatible
with, and can be transformed independently by a unique symmetry
transformation. [1]

e A disentangled code or representation is a tensor that can change a specific
feature or attribute of the output data while not affecting the other attributes.

[2]

e Capture the independent features of a given data in such a way that if one
feature changes, the others remain unaffected [3]

1. Higgins, Irina, et al. "Towards a Definition of Disentangled Representations." arXiv preprint arXiv:1812.02230 (2018).

2. Atienza, R. Advanced Deep Learning with Keras. Packt Pub (2018)
3. Locatello et al. “Challenging Common Assumptions in the Unsupervised Learning of Disentangled Representations.” ICML 2019



B-VAE - Change in Loss Function

’Cﬁ—VAE — ’CR + 0 'CKL

p>1 acts as a loss regularizer. The effect is to enforce tighter standard deviation resulting to
disentanglement of latent codes. CVAE and VAE are special cases where =1.



How to determine 7 Answer: Trial and error
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