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Regularized Auto-Encoder based
Generative Models



AE with Regularized Latent Space
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Figure 1: Architectural diagram of a Regularized Auto-Encoder [1].

• The Objective - Given f g =
=1 � ( ), learn to sample from ( ).

• �( ) =
R

�( j ) ( ) (Generative data distribution)
• � and � - Probabilistic/Deterministic Encoder and Decoder.
• ( ) � N (0; I), is the latent prior, acts as regularizer.
• �( ) =

R
�( j ) ( ) (aggregated encoded posterior
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The Objective Functions (VAE and variants):

Log-likelihood (�) of the data distribution under a model �( ):
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(I+II+III) is the Evidence Lower bound (�; �) � (�), ∵ D � 0.
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The Objective Functions (AAE/WAE)

Given the data distribution ( ) and the distribution learned by a
model �( ):�
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: X � X ! R+ is any measurable cost function and is any
divergence metric.
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AE-based Generative Models: Background

• All AE-based generative models optimize likelihood/divergence
metric or its lower bound.

• First term in the ELBO, approximated by MSE, is the conditional
generated data likelihood.

• Second term, , acts as the regularizer on the latent space.
• Variational Auto Encoder (VAE) [1]: Assumes Gaussian Encoder
and Decoder with stochastic reparameterization.

• Adversarial Auto Encoder (AAE) and Wasserstein Auto Encoder
(WAE) [2, 3] exploits adversarial training to match the aggregated
posterior with the prior.

• Stable training, efficient sampling, flexible architectural choices
and richer/interpretable latent space, still not reached
GAN-level performance.
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AE based generative models: Issues and remedies

• Likelihood (Term 1) and KL terms at loggerheads (Term 2).
• Distributional choices for Encoder and Decoder are restrictive.
• Aggregated latent posterior ( ) doesn’t match with the prior.
• �-VAE [4]: Introduces a tunable parameter in the second term.
• InfoVAE/FactorVAE- Additional penalties such as mutual
information [5], total correlation [6].

• Many works [7, 8, 9, 10, 11] implement non Gaussian
distributional choices for Encoder/Decoder models.

• [12, 13, 14] uses a richer class of priors on the latent space
(GMMs, hierarchical models) to match aggregated posterior.

• [15, 16, 17] implements a post-hoc sampler in the latent space
without regularizing it.
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Focus of the current work

• Examine two questions on the latent space of AE models:
1. What is the effect of latent space dimensionality on AE-based
generative models?

2. Whats are the ‘optimal’ latent prior for RAEs?

• Discuss two novel AE models: MaskAAE and FlexAE to address
these issues.
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Effect of the Latent Space
Dimensionality on AEs (MaskAAE)



Motivation

Figure 2: Scaled FID score for a WAE with varying latent dimensionality for
2 synthetic datasets of ‘true’ latent dimensions, = 8 and = 16 and MNIST.
It is seen that the generation quality gets worse on both the sides of a
certain latent dimensionality. 7



Data Generation Hypothesis

Ψ̃ z̃ ∈ Rn

f : Rn → Rd

x ∈ Rd

Step-1: Sampling from an isotropic

continuous distribution

Step-2: Non-linear transformation to higher dimension,

d >> n

Figure 3: Depiction of the assumed two-step data generation process.
Samples drawn from a ‘true’ latent distribution e	(e) are passed through a
function to obtain .
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Assumptions on the generative function

A1 is : 9 some finite 2 R+ satisfying
jj (e1) � (e2)jj � jje1 �e2jj; 8e1;e2 2 eZ .

A2 There does not exist � : 0 ! ; 0 < satisfying A1 such that
the range of is a subset of the range of �.
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Requirements for Good Generation

The goal of latent variable generative models is to minimize the
negative log-likelihood of �0( ; ) under �( ; ):

L(�; �0) = � E
; ��

�
log(�0( ; ))

�
(3)

Equation 3 can be broken down as follows:

min

�
E
�
[� log(�0( j ))]| {z }

R1
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�
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]| {z }
R2

�
(4)

R1 (e) = 0( ( (e))) 8 e 2 . This condition states that the
reconstruction error between the real and generated data
should be minimal.

R2 The Cross Entropy H(	; �) between the chosen prior 	, and �

on Z is minimal.
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Conditions to Satisfy R1 and R2

The conditions required to ensure R1 and R2 are met with assumed
data generation process are:

Theorem

• For < , A2 will be violated since range of � range of 0.
• For > , the range of � will have 0 Lebesgue measure leading
to arbitrarily large H.
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The solution: MaskAAE

x
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Figure 4: Block Diagram of MaskAAE. It consists of an encoder, �, a decoder,
 , and a discriminator � as in AAE/WAE. A new layer called mask, � is
introduced at the end of the encoder to suppress spurious latent
dimensions. The prior also gets multiplied with the same mask before going
into the Discriminator to ensure prior matching (R2).
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Experimental Results: Effect of Latent Dimension on Generation

(a) (b) (c)

Figure 5: (a) and (b) shows FID score for WAE and MAAE and active dimension
in a trained MAAE model with varying model capacity, for synthetic dataset
of true latent dimensions, = 8 and = 16, represents the number of
unmasked latent dimensions in the trained model and (c) shows the same
plots for MNIST dataset.
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Experimental Results: Behaviour of Mask

(a) (b) (c)

Figure 6: Behaviour of mask in MAAE models with different for the MNIST
dataset. Model capacity, , in figure (a), (b), and (c) are 32; 64; and 110,
respectively. The active dimensions aǒter training are are 11; 13; and 11
respectively.
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Experimental Results: Covariance Matrix of the Latent Vectors
for MNIST

(a) (b)

Figure 7: Co-variance Matrix of (a) WAE (b) MAAE latent representation for
MNIST dataset.
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Experimental Results: FID

Table 1: FID scores for generated images from different AE-based generative
models (Lower is better).

MNIST Fashion CIFAR-10 CelebA
VAE (cross-entr.) 16:6 43:6 106:0 53:3
VAE (fixed variance) 52:0 84:6 160:5 55:9
VAE (learned variance) 54:5 60:0 76:7 60:5
VAE + Flow 54:8 62:1 81:2 65:7
WAE-MMD 115:0 101:7 80:9 62:9
WAE-GAN 12:4 31:5 93:1 66:5
2-Stage VAE 12:6 29:3 72:9 44:4
MAAE 10:5 28:4 71:9 40:5
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Experimental Results: Normalized Absolute Correlation

Table 2: Average off-diagonal covariance NAC for both WAE and MAAE.
represents the number of unmasked latent dimensions in the trained model.
It is seen that MAAE has lower NAC values indicating lesser deviation of 	( )

from �( ) as compared to a WAE.

Dataset Model Capacity WAE MAAE
NAC NAC

Synthetic8 16 16 0:040 9 0:030
Synthetic16 32 32 0:031 16 0:013
MNIST 64 64 0:027 13 0:020
FMNIST 128 128 0:025 40 0:019
CIFAR-10 256 256 0:017 120 0:013
CelebA 256 256 0:046 77 0:039
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To regularize or not - Effect of
prior in AE (FlexAE)



Conditions for optimality (II)

Theorem

>

( �( ); ( )) > 0; 8�

� N (0; � )

Corollary

> 62
�
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�

> 0; 8�

( ) 2

18




	Regularized Auto-Encoder based Generative Models
	Effect of the Latent Space Dimensionality on AEs (MaskAAE)
	Preliminaries
	Theory
	Model
	Experimental Results

	To regularize or not to regularize - Effect of the prior on AEs (FlexAE)
	Preliminaries
	Theory
	Model
	Experimental Results


