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Introduction

A Variational Autoencoder (VAE) is a generative model that,
using the architecture of neural networks, learns a probabilistic
mapping between some input data x and a latent space z. Thus,
output data x that resembles the input x can be generated by
sampling from the latent space and passing samples through the
Imnverse map.
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Normalizing flows are a series of invertible mappings that
transform a simple distribution into a more complex distribution.
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To approximate the posterior distribution, VAEs default to a
Gaussian. However, since the true posterior distribution often
deviates from normality, we aim to find a stronger approximation.
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log pg(z|x) + constant from MNIST dataset)

Proposed Solution is Conditional Normalizing Flows:

e Inverse Autoregressive Flows (IAF)

e Partially Convex Potential Maps (PCP-Map)

VAEs allow for efficient training of generative models by mini-

mizing the negative evidence lower bound (ELBO).

JELBO = By (alx) L0 Po(x[2) | = Dy (g (2lx) ||p(Z)z
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1. Standard VAE

The Standard VAE uses a Gaussian approximation for both
the encoder gy (z|x) and prior distribution p(z):

Gy (Z]X)

=N (z|u¢, diag [pr(x)])

p(z) =N (z]0,1).

Note that 1) are the parameters of the approximate encoder
and @ are the parameters of the decoder and intractable

distribution, pg(z|x).

2. TAF VAE [1]

The TAF VAE applies a series of invertible, autoregressive
transformations to the Gaussian approximated distribution
in the encoding process. For each transformation, an au-
toregressive neural network takes in the input latent sam-
ple and the context vector h and outputs a p, and o, to

transform z:

2t =y (zp-1,h) + o (z-1, )z, 1<t<T.

The Jacobian matrices ddzt
Zi—

are lower triangular, which

makes computing the determinant not expensive.
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Conclusion

Test -ELBO

After applying T transformations sequentially:
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3. PCP-Map VAE (3]

The PCP-Map VAE is another way to transform the in-
put, Gaussian distribution to a more complex distribution.
This is achieved by parameterizing a transformation as the
oradient of a scalar-valued Partially Input Convex Neural
Network, Gy, where:
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log(ay (z7[x)) = log(ay(z0/x)) - Z log
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G¢(Z07 h) = Usoftplus(q/l) 27+ (ORerv(72) + Usoftplus(%%)) * %”ZOH2 100 1

and for 0 <k <T,
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Epoch
1= U(Z) ((L]({Z)) (Zk ®© (L](jv)vk b](jv))) +
L (0 0 (L v+ b))+ L b)),

where vg = h, and v, 79, 73 are some learnable param-
eters of Gy, The functions o, opery and o4 riprys are
activation functions to ensure convexity:.

Key Takeaways:
e The IAF VAE and PCP-Map VAE both demonstrate a lower test loss

compared to the standard VAE, indicating better performance in terms
of reconstruction quality and latent space representation.

e While the IAF VAE and PCP-Map VAE may perform better than the

standard we must also consider the trade-oft between performance and
computational cost.
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Future Work

e Test and evaluate the performance of the IAF and PCP-Map VAEs with
different hyperparameters in comparison to the Standard VAE model.

e Explore other Conditional Normalizing Flow models, such as the COT-
Flow.
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