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Improving Generative Modelling in VAEs using
Multimodal Prior
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Abstract—In this paper we propose a conditional generative
modelling (CGM) approach for unsupervised disentangled rep-
resentation learning using variational autoencoder (VAE). CGM
employs a multimodal/categorical conditional prior distribution
in the latent space to learn global uncertainty in data by
modelling the variations at local level. Thus, the proposed frame-
work enforces the model to independently estimate the inherent
patterns within each category, which improves the interpretability
of the latent representations learned by the VAE model. The
evidence lower bound objective for training the generative model
is maximized using a mutual information criterion between
the global latent categorical variable and the encoded inputs.
Further, the approach has a built-in mechanism for bounding
the information flow between the encoder and the decoder which
addresses the problems of posterior collapse in conventional
VAE models. Experiments on a variety of datasets demonstrate
that our objective can learn disentangled representations and
the proposed approach achieves competitive results on various
task such as generative modelling, image classification and image
denoising.

Index Terms—Generative modelling, autoencoders, matching
network, representation learning

I. INTRODUCTION

ENERATIVE models have shown great promise for
G unsupervised learning via capturing rich distribution of
complex data such as natural images, text and speech [1]. In
particular, the aim is to extract semantically meaningful low-
level (region-oriented) and high-level (object-oriented) hidden
attributes of the given data. Recently, neural network based
generative models have become successful frameworks for this
class of problems e.g., image retrieval [2], super-resolution [3],
image recognition [4], video captioning [5], video dialog [6]
and music transcription [7]. Popular’ approaches include,
variational autoencoders (VAEs) [8], [9], [10] and generative
adversarial networks (GANs) [11]. VAEs are probabilistic
graphical models for latent modelling with the ability to
approximate (at-least theoretically) a desired distribution [8].
The data generated using VAEs is of good quality and VAEs
naturally collapse most dimensions in the latent space, which
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result in interpretable latent space [12]. Thus autoencoders are
more suitable for data compression and generating meaningful
semantic features. In contrast, GANs are explicitly set up
to optimize for generative tasks and are typically better
deep generative models as compared to VAEs [11]. GANs
use another network (so-called Discriminator) to compare
generated and real data with the aim of achieving an equilibrium
between Generator and Discriminator. However, this makes
them difficult to work with as they require a lot of training
data and tuning [13]. Some efforts have also been taken to
learn more flexible generative models by combining adversarial
training of GANs with VAEs [14], [15], [16].

In unsupervised representation learning, generative models
encode the observed data such as images in an informative
latent space. In particular, VAEs are designed to have an
isotropic Gaussian prior latent distribution, and are trained by
maximizing the likelihood of the observed data by marginaliz-
ing over the latent variables [9]. This is achieved via optimizing
the evidence lower bound consisting of a data reconstruction
error term, and a divergence term between latent inference
and prior distribution. In practice, most VAEs are inadequate
from the viewpoint of matching between the prior and true
distribution, and suffers from their inability to learn latent
features that are disentangled [12], [17]. The main reason for
this is the original formulation of VAE, which is designed to
learn a generative model (via an encoder-decoder pair), and
not to produce informative latent features. This results in two
major problems 1) uninformative latent representations and 2)
variance over-estimation [12]. The former problem occurs when
the decoder is too expressive and models the data distribution
on its own without the use of latent representation, which drives
the divergence term in evidence lower bound to zero [18], [19].
The latter problem occurs due to unbounded information flow
from input to latent space [20]. These problems cause VAEs
to overfit on the dataset thus driving the inference distribution
away from prior distribution on the latent variable [12], [21].
Recently, many studies have proposed solutions for improving
the representation learning capabilities of VAEs via a modified
objective function [12], [15], [18], [22], [23].

In this work, we propose an alternative yet simple genera-
tive modelling framework with multimodal prior distribution
targeted towards image applications such image generation,
classificaton and denoising. In order to train such models,
we define the evidence lower bound objective (ELBO) with
categorical conditional prior. We call this conditional generative
modelling (CGM) and show that it is capable of extracting
interpretable hidden attributes of data. The disentanglement
in latent representations is achieved by introduction of global



latent variables over various categories of available training
images. In unsupervised settings, the CGM model induces
clustering of images in latent space while supervised setting
can be used if label information is available. In addition, a
mutual information criterion is used to ensure that the latent
variables provide useful information about the input image
space, which is finally used by the decoder. Each global latent
variable (similar to a clustering regime) represents a learned
categorical context conditioned over that category. Such latent
variables are aimed to capture the global/local uncertainty of
the data arising due to inter/intra class variations. This ensures
that the encoder match to at least one of the categorical global
latent variable, and the information between latent and input
space is maximized.

The variance over-estimation problem is addressed by maxi-
mizing the likelihood of the data with a bounded information
rate between encoder and decoder. The proposed approach
ensures the inference distribution of the encoder for a given
input is a Gaussian distribution with a learned mean but fixed
pre-determined standard deviation. Further, this work shows
that contrary to more complex and flexible models, CGM
models are expressive enough without the need of specifically
fine-tuning neural network architectures.

The rest of the paper is organized as follows: Section
II briefly introduces VAEs followed by the proposed CGM
approach and the associated model training procedure. In
Section III we discuss and provide a comparison with the
relevant related works. Section IV presents experimental results
and finally the paper is concluded in Section V.

II. PROPOSED APPROACH

We first provide a brief background on generative modelling
using variational inference. Next, we describe the proposed
CGM approach. The section discusses an approach to maximize
mutual information between input and latent space in order to
learn categorical prior distributions. Finally, we describe the
overall loss function for training the proposed CGM model.

A. Background

We consider the problem of probabilistic generative mod-
elling where the goal is to learn a probability distribution p(x|6)
from data points x parameterized by 6 [9]. The generation
of x via ‘generator’ model is achieved with introduction of
latent variables z such that p(x|0) = [ p(z|0)p(x|z, 0)dz [24].
Here, p(z|0) is the prior distribution commonly restricted to
tractable standard Gaussian distribution A/(0, 1) [12], [25].
Since, marginal distribution p(x|f) can not be computed
analytically, typically variational inference using an ‘encoder’
model parameterized by ¢ with amortized inference distribution
q(z|x, ¢), is employed to approximate it with a lower bound

P(x[0) = Eq(zix.0) [P(x]2,0)] = AD[g(z|x, ¢)[[p(2]0)]. (1)

The first term on right hand side of eq(1) measures how accurate
is the generator, the second term denotes the divergence loss
(KL divergence being a popular choice) that measures how
closely the encoded latent variables match a unit Gaussian and
A is the scaling parameter [8]. In GANSs, this divergence term is
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replaced by an adversarial network which tries to discriminate
between original and generated samples [13], [26], [27], [28].

B. Conditional Generative Modelling (CGM)

The proposed CGM aims to model conditional generative
distributions of the form
p(xIC.0) = [ paC.Opxla C.OME @
where C is the data-dependent conditional variable(s) used
to estimate the conditional prior p(z|C,6) and likelihood
p(x]z, C, 0). The evidence lower bound in this case will be

Ey(zx.¢)[P(x]2, 0)] = ADlq(z|x, $)p(2|C,0)],  (3)

where the conditional prior p(z|C, ) being intractable is
approximated via the variational posterior ¢(z|C,¢). The
CGM model is designed to inherently solve the latent space
exploding and variance over-estimation problem of conven-
tional variational models. The first problem is addressed by
introduction of global latent variables and maximizing a mutual
information criteria to ensure that the latent variables provide
useful information about the input to decoder (Section II-C).

The variance over-estimation problem is solved by bounding
the information flow from the input to latent space. A given
input is first encoded to approximate the mean p of inference
distribution ¢(z|x, ¢), followed by addition of noise z = u+e,
where € is i.i.d Gaussian with variance less than one. This is in
contrast to conventional variational models where variance is
also estimated. An alternative approach towards bounding the
information rate is by using a variational infomax bound [29].
But this requires training a separate auxiliary network and
thus, there are no guarantees on tightness of the mutual
information bound. Moreover, it increases the model complexity
and training time. On similar lines, we came across the work
in [22], which also uses a variational inference to construct a
lower bound on the information bottleneck objective. Recently,
work in [30], [31] showed that bounding the variance prevents
posterior collapse or equivalently prevents the divergence term
from vanishing.

C. Moment Matching in Local and Global Latent Variables

In previous section, for simplicity the conditional variable
is denoted by C instead of individual categorical variables i.e.,
[g!...g%] (see Fig. 1). This results in a K-categorical N-
dimensional latent embedding space € R¥*" which captures
the global uncertainty of the data, while allowing us to still
sample the distribution at the local level. As the model trains
on more observations the latent distribution encoded by model
amounts to the posterior p(z|C, 6) instead of the conventional
zero-information prior p(z|#). Since, the latent space is discrete
due to K -categories, the actual conditional prior distribution
q(z|x, g™, ¢) for a category is continuous and deterministic.
Further, defining a simple uniform prior over all categories we
obtain a constant KL divergence term over the prior p(g*|6)
which can be ignored while training (see Proposition 1).

In the CGM, an example is first locally encoded and
then is used to update network parameters such that it
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features in each class. Both r and g&

Block diagram of the proposed CGM approach. Input vector x is encoded to a local representation vector r via an Encoder. A Descriptor summarizes
representations of similar inputs as one of the global categorical prototypes g’<
are used by the Latent Mapper to generate samples (with a fixed variance) from the posterior distribution and underlying

. With all classes well-separated g/ corresponds to the means of encoded

latent prior distribution. Finally, a Decoder using the sampled latent variable attempts to reconstruct the input. The overall training of CGM model involve a
joint loss comprising of individual losses corresponding to Encoder/Decode, Descriptor and Latent Mapper.

match with global conditional encoding of a category. In
unsupervised setting example assignment/relevance can be
achieved by nearest neighbour search or a similarity metric,
while in supervised setting it is done using class labels. The
matching between local and global encoding is calculated using
Maximum-Mean Discrepancy (MMD) which quantifies the
match between examples from two distributions by comparing
their moments [32], [33]. The basic idea is that the distances
between distributions can be represented as distances between
mean embedding, and in its general form MMD is defined as

Mmm=%gmmw—mwwm )

where divergence M (p||q)=0 if p=¢, only when F={f, | f|ln <
1} is a unit ball in a Reproducing Kernel Hilbert Space H [34],
[35]. Hence, given samples a; ...ag ~ p and by ...br ~ q,
and with a positive semi-definite kernel /C(-, -), under the unit
ball assumptions on the evaluation function, we have

M(pllq) =llrp — 1qll3
=Ep(a),p0) [K(asb)] =
+ Eq(a),q(0)[K(a, )]

1 S S
=57 ZZ:IC(ai,aZ

1 T T
+ o 3 Kby )
J J (5)

Its implementation requires the conventional kernel trick
where we compute the distance between the means iy, fiq
of the two distributions mapped into a reproducing kernel
Hilbert space [36]. Note that computing MMD is equivalent to
computing an energy distance with respect to some negative-
type semimetric [37]. Hence, for a given domain-specific
notion of distance (negative type semimetric) we can define an
equivalent similarity (kernel) which results in a computationally
attractive criterion for training the models. This approach was
recently studied in [38] for MMD based GANS.

In CGM, we compute the empirical estimates of MMD
metric for samples from the posterior distribution ¢(z;|x;, @)
using encoded inputs depending on sample assignment, and
corresponding global categorical distribution ¢(z;|x;, g’ @)

2, (a),q0)[K(a, )]
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7

T
§ aw
J

using the reparametrization trick. Considering eq(5), u,, is the
sample mean of kernel transformed latent representations of
inputs and _similarly p, is the sample mean corresponding
to global prototypes. This is to ensures that the information
between latent and input space is maximized, and to encourage
disentanglement improving discriminative power of latent
features. The MMD metric is also a pseudo measure which
maximizes the mutual information between input and latent
space. The use of mutual information based objectives is
popular in various works such as information maximizing
GANSs or InfoGANs [13], variational lossy autoencoders [12],
[29] and representation learning [1]. The proposed CGM
model is not a standard VAE as the conditional prior is
categorical i.e., a mixture of Gaussians with hard assignment!.
However, it can be shown that it still maximizes a variational
lower bound of the marginal log-likelihood i.e.,

Proposition 1. ;) [logp(x|0)] > Lk + L.
where p(x) is the empirical data distribution, L is the data
error loss and Ly, is the MMD loss.

D. The CGM Model

In our implementation the CGM model has three core
components as shown in Fig. 1:

1) An encoder E(-) parameterised as a neural network,

that encodes the examples x; from input space to a
representation r; = E(x;).
A descriptor A(-) that summarizes the encoded inputs
to learn K global latent prototype representations. To
achieve order invariance in global representation we
employ the mean operation g’ % Zf rX which
worked well in our initial experiments. We observed
marginal performance improvement with a weighted
average using attention mechanism, however, further
studies are required to make any claims.

2)

lDuring submission process we came across a related article [39] which
uses a GMM prior in latent space. The regularization with GMM prior rely
upon ad-hoc parameters, namely eta (in NLL) and alpha (in regularizer), to
which it is sensitive and are difficult to tune. Full ELBO objective is based on
KL divergence which is assumed to ensure an uniform approximate posterior;
this is only true for small data, and in practice the NLL term in the ELBO will
overpower the regularizer. Also it is unclear if the mean-field approximation
actually constraints the Monte Carlo sampling.



3) A Latent mapper L(-) that generate samples from
the posterior distribution ¢(z;|x;, ¢) and q(z;|x;, g", ®)
using the reparametrization trick.

4) A decoder D(-) parameterised as a neural network, that
takes as input the sampled local latent variable z; and
estimates the distribution p(x;|z;, 9).

E. Model Training

The training of a CGM model is achieved by jointly
optimizing the overall loss function:

Leam = Lg+ Moy + BLp, (6)

where L is the data error loss for optimizing the encoder
and decoder networks, £, is the MMD loss, and Lp is
the descriptor loss for updating global prototypes. If output
distribution is chosen to be Gaussian, Lg corresponds to mean
squared error loss, while for the case of Bernoulli (e.g., for
binary MNIST images) it corresponds to binary cross entropy
loss. A, 3 are constants, and in our experiments, we found the

model training to be robust and stable w.r.t. these constants.

For MMD loss we considered the Gaussian kernel
Clla—b|2

K(a,b) = exp™ o7, )
although other handcrafted kernels can also be explored as long
as they are positive semi-definite so as to enable a projection
into a reproducing kernel Hilbert space. In order to update
the K global prototypes of the descriptor we considered the
following loss after computing the example assignments [40]:

if ie K
otherwise.

£y = [Ir— g3
max(0.m — [ ~ g[)

The network encodes the examples x; from input space to
a representation r; = F(x;), which are matched with a
global prototype. Ideally, prototypes g’ should be updated
(using back-propagation) along with latent features, on the
entire training set. To implement this efficiently, updates are
performed on mini-batches. If all classes are well-separated
with the margin m, then g/ will approximately correspond
to the means of features in each class [41]. Thus, the loss in
eq(8) ensures that each encoded example match to at least one
of the global categorical representation, and this encourages
disentanglement in latent features.

®)

III. RELATED WORKS

In this section we compare the proposed CGM approach
with the existing closely related generative modelling and
representation learning approaches.

A. Information Maximizing VAE (InfoVAE)

The closest work related to the proposed CGM approach is of
the InfoVAE proposed in [12]. The family of InfoVAE models
are also based on using a mutual information maximization
term with the standard VAE loss term

Livae = Lvae — YLy(x,2,¢)(X, ), )
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where for v < 1, L;vag = Lg + L. Hence, InfoVAE is a
special case of CGM model with 5 = 0 i.e., without considering
global latent variables. In other words, for 5 < 1, the learned
latent space in CGM tends to behave like InfoVAE. However,
it is not possible to train an InfoVAE model having v = 1
without bounding the mutual information between input and
latent space. In other words, the mutual information can be
maximized to infinity by making ¢(z|x,¢) a deterministic
mapping with zero variance’. Although this problem was
highlighted in [12], there was no explicit solution presented to
restrict such modelling behaviour. While CGM also maps the
latent representations in a deterministic way to one of the K
global distributions, each input is encoded with a fixed variance
determined by the bound on the information flow designed
into the model. Further, the CGM model uses conditional prior
instead of standard Gaussian prior used in InfoVAE.

B. Conditional VAE (CVAE)

In CVAE, conditioning on the context is done by adding
the dependence both in the inference distribution ¢(z|x, c, @)
and the decoder p(x|z,c,0), so they can be considered as
deterministic functions of the context [42]. Here, context
variable c is usually the class label. This helps in controlling the
data generation process as the decoder can generate examples
from a specific class. The usual way of implementing this is
to concatenate the sampled latent variable z ~ A/(0,1) with a
specified label and pass through the decoder. This again can
lead to the problem of uninformative latent representations
where the decoder is powerful enough to just focus on the
label rather than the latent representation [43]. This issue is
more prominent when the latent dimension is small. CGM
model eliminates this problem by introduction of global latent
variables (in contrast to local latent variables for computing
divergence) such that we generate new examples by sampling
one of the learned K'-conditional prior distributions. Further,
the encoder of CGM model doesn’t use the class label. As
described in Section II-C the model can also be trained in
unsupervised settings where no label information is available,
and the K -categorical modelling is performed not in the label
space but rather in the prototype space which itself is defined
by the model and learned during the training.

C. Meta Learning

Meta learning aims at inducing knowledge (e.g., a set of
rules) such that an existing learning method can be evolved to
perform on different learning problems [44]. As an example, in
metric space meta learning such an idea of ‘learning to learn’
can be attempted by efficient optimization on small subsets of
multiple tasks in a metric space and that metric space can be
used for evaluating the extent or quality of the learning process.
Models that include a conditioning class-variable can be used
for classification as well, instead of usual generative tasks.
For instance, for few-shot classification problem we usually

2The publicly available implementation by the authors doesn’t uses the
conventional reparametrization trick to sample the latent variable. In other
words the posterior g(z|x, ¢) is just a point mass. This is not the case with
CGM where reparametrization is used as in case of VAEs.
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employ some distance metric to compare target examples
to the available prototype observations, with such a metric
computed between feature representations obtained through a
transformation of the image space into a lower dimensional
space. Such a behaviour is inherent in CGM due to the matching
between local and global prototype latent variables. A similar
effort in this direction is of matching networks [33], [45]
which at an abstract level can be interpreted as a CGM model
where the descriptor is another network whose parameters are
optimized using MMD after fixing a baseline VAE [46].

IV. EXPERIMENTAL RESULTS

In this section we present various experimental studies to
show the effectiveness of the proposed CGM approach, and
compare it with existing state-of-the-art approaches. The perfor-
mance is evaluated for various tasks namely density estimation,
image generation, classification and image completion using
standard datasets.

TABLE I
LOG LIKELIHOOD ESTIMATES FOR DIFFERENT MODELS ON THE MNIST
DATASET, AND % CLASSIFICATION ERROR ON THE TEST SET OF MNIST
DATASET. * AND ** SCORES ARE FOR THE CASE OF DYNAMICALLY AND
STATISTICALLY BINARIZED IMAGES, RESPECTIVELY.

Model NLL* | NLL** | Error

VLAE (PixelCNN) [18] 78.5 79.0 1.55
InfoVAE (DCGAN) [12] 80.7 81.2 1.62
MAE (PixelCNN) [20] 77.9 78.4 1.51
CGMI1 (DCGAN) 78.2 78.8 1.49
CGM2 (DCGAN) 77.6 71.5 1.35

A. Training Setup

All of the networks for this work were trained using-the
PyTorch toolkit, where weights were initialized using the Xavier
initialization scheme and biases were initialized to zero [47].
The Adam optimizer was used with an initial learning rate of
10~%. All the networks were trained for 200 epochs. A batch
size of 64, 64, 100, and 256 was used for MNIST [48], fashion
MNIST [49], CIFAR-10 [50], and ImageNet [51] experiments,
respectively. Parameter m is set to 1.

B. Behaviour On MNIST

In this section, the performance of the proposed CGM
approach is evaluated on the MNIST, and fashion-MNIST
datasets. The scaling constants are set as A = 1000, 5 = 1,
and e is sampled with variance 0.02. For a fair comparison,
we use the DCGAN architecture® for training the model and
the choice of A is kept similar to InfoVAE. We compared two
variations of our CGM model, 1) CGMI trained in unsupervised
setting where example relevance is computed using nearest
neighbour search; 2) CGM2 trained in supervised setting where
example relevance is just the class label. In all experiments the
training parameters are set empirically after experimentation.

3DCGAN refers to a fully convolutional neural network architecture
replacing pooling operations with spatial downsampling convolutions and
eliminating fully connected layers [52].

7
7
[
4
9
1
q
I

{
q

- rFrLPERh—DnW
Ddownede—(N-
NN Q—a Yo
~OoMN=2vlhn N
NG YD W
-J:ul——uumo-u-_g_
MNMeog-dawEwn

Fig. 2. Reconstructed and generated images for (a,b) MNIST and (c,d)
Fashion-MNIST datasets using CGM2.

1) Density estimation: In this experiment we evaluated
CGM on density estimation problem with a fixed information
rate of 15 bits per image (BPI). The latent dimension N
is set to 10. The performance of the proposed approach is
compared with existing best performing approaches namely
InfoVAE, Variational lossy autoencoder (VLAE) [18], and
mutual posterior-divergence autoencoder (MAE) [20]. Both
VLAE and MAE employ popular Pixel CNN architecture for
model training [53]. The results are reported in Table I in terms
of marginal negative log-likelihood (NLL) in nats evaluated
via importance sampling. It can be observed that the proposed
approach achieves comparable and/or better performance to
existing approaches.

2) Image generation: Next, in Fig. 2 we demonstrate image
reconstruction and generation behavior of the proposed CGM
approach on MNIST and fashion-MNIST datasets. The latent
dimension [V is set to 10, with previously described setting of
all other parameters. It can be observed that the reconstructed
images are of high quality, while the generated images are
slightly blurry but sharp enough.

To investigate further, Fig. 3 further plots the latent variables
for N = 2 on the test set of MNIST. As a comparison we
have also plotted the same for InfoVAE and CVAE. In case
of CVAE, the latent variables are highly overlapping, while
for InfoVAE and CGM one can observe good disentanglement
among latent features of different classes. This is because, in
CVAE we model p(z|c), which is inferred variationally and
hence the posterior ¢(z|x, c) for any class is roughly A(0,I),
as evident from the plot. CGM inherits the benefits of both
conditional modelling so as to be able to generate class specific
examples, and informative latent modelling like InfoVAE. Note
that the disentanglement is expected to improve as the latent
dimension increases.

3) Classification: In order to quantify the clustering be-
haviour of latent space we calculated the classification error
by computing class assignment S(q(y|f(z))), where f(-) is
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Fig. 3. Visualization of 2D latent representations on MNIST test set.
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Fig. 4. Reconstructed images for MNIST dataset at variable information-rate
using CGM2.

a network that maps the latent variable to the logits and
S(+) is the softmax function. These results for the case of

dynamically binarized images are also reported in Table I.

Clearly, CGM achieves the best performance in both supervised
and unsupervised setting due to its ability to learn disentangled
representations.

4) Effect of bounding the information rate: As mentioned
earlier the idea of introducing a mutual information constraint
between the input and its latent variable is not new and many
existing works employ this in some form to overcome the
shortcomings of regular VAEs. However, mutual information

itself is not a quantity that is easy to comprehend and specify.

In practice, mutual information is always data dependent and it
is difficult to access how much mutual information is enough to
achieve a desired modelling behavior. Hence, for representation
learning the usual way is to qualitatively inspect the model
training, which makes existing methods less practical. This
is not the case with the CGM approach, as it uses a fixed
variance while encoding which determines the information
rate, and for a fixed rate I it is given as 02 = 1/(4%). As
shown in Fig. 4, with increase in the information rate from 0
to 15 BPI, the quality of both the generated and reconstructed

(b) InfoVAE
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(c) CGM1

images increases. In comparison, approaches such as InfoVAE
rely on manual inspection of vanishing variance. However,
we observed that for a given information rate both CGM and
InfoVAE achieve similar MSE, except that CGM results in
better disentangled latent representations.

C. Behaviour on ImageNet and CIFAR-10

This section investigates CGM1 for ImageNet [51] and
CGM2 for CIFAR-10, two popular benchmark datasets of
natural images. For ImageNet, we used the residual-CNN [54]
architecture of comparable size to the one in [53], with latent
dimension N = 600, number of categories K = 100, and
information rate of 200 BPI. The scaling constants are set as
A =1200, B =1, and variable ¢ is sampled with variance
0.02. For CIFAR-10, we used the DCGAN architecture with a
latent dimension of N = 300 and an information rate of 120
BPI. The scaling constants are set as A = 1100, § =1, and ¢
is sampled with variance 0.02. In all experiments, the training
hyperparameters are obtained empirically.

Table II reports the performance of the proposed approach
on the density estimation problem. As a comparison we have
considered both likelihood-based auto-regressive generative
models (e.g. Pixel-RNN) and variationally trained latent models
(e.g. 6-VAE). It can be observed that CGM achieves comparable
performance to state-of-the-art approaches on challenging
datasets with simpler network architecture. We expected to
improve upon this by using a more powerful VAE architecture.
Our initial experiments with complex architectures in particular,
with PixelSNAIL decoder resulted in significant gains. Further,
the generated images shown in Fig. 5 on the ImageNet dataset
using CGM2 (PixelSNAIL) demonstrate the effective modelling
capability of the proposed framework.

D. Image Completion

In this experiment, we evaluate the performance of the
proposed CGM2 approach for image completion task. We
carried out the experiments using MNIST [48] and CIFAR-
10 [50], both containing 10 classes with approximately 60,000
images in the dataset. For each dataset we tested reconstruction
abilities of a trained denoising CGM2 network on input images
corrupted by additive Gaussian noise. For both datasets, we
used the DCGAN architecture, number of categories K = 10,
and the noise variance was set to 0.5. For MNIST, the latent
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(a) Original

TABLE II
LOG LIKELIHOOD ESTIMATES (BITS/DIM) FOR DIFFERENT MODELS ON
CIFAR-10 (32X 32 IMAGES) AND IMAGENET (64 X 64 IMAGES).

Model CIFAR-10 (Test) | ImageNet (Valid)
Pixel-RNN [53] 3.06 3.63
Gated Pixel-RNN [55] 3.02 3.57
PixelSNAIL [56] 2.85 3.56
-VAE (PixelSNAIL) [30] 2.83 3.58
MAE (PixelCNN) [20] 2.95 78.4
CGMI1 (ResNet) - 3.60
CGM2 (DCGAN) 3.07 -
CGM1 (PixelSNAIL) - 3.57
CGM2 (PixelSNAIL) 2.81 -

Fig. 5. Generated images for ImageNet dataset using CGM1.

dimension N = 200 and the scaling constants are set as
A = 1000, 8 =1, and € is sampled with variance 0.02. For
CIFAR-10, the latent dimension N = 300 and the scaling
constants are set as A = 1100, § = 1, and € is sampled with
variance 0.02.

olal/l7]als]?

(a) 30 Epochs, 100 Batches

oldl/14]al<]7

(b) 30 Epochs, 300 Batches

old]/7]als]s]

(c) 70 Epochs

Fig. 6. Noisy and Denoised images for MNIST dataset using CGM2.

As shown in Fig. 6 the model learns to make good predictions

=l
Elﬂﬂfﬁl

(b) 50 Epochs

(c) 100 Epochs

Fig. 7. Noisy and Denoised images for CIFAR-10 dataset using CGM2.

of the underlying images on MNIST dataset. Also, for a
given epoch as the number of categorical examples increases,
the better the estimate of categorical conditional distribution
become and hence, the predictions look more similar to the
underlying ground truth.

Similarly, Fig. 7 shows the results on some images from
CIFAR-10 dataset. It’s worth mentioning that the goal of this
experiment is not to surpass a state-of-the-art image recovery
approach but just to show the capability of the proposed
generative modelling approach. The recovery performance is
expected to improve, especially in terms of edge details by
using state-of-the-art CNN architectures designed for such tasks
with additional image priors and regularization.

E. Discussion

Uninformative latent variable due to behaviour of KL diver-
gence in ELBO and variance overestimation problems are well
known, where existing works solves the former by carefully
choosing parameters (e.g., 5-VAE), label conditioning (e.g,
CVAE) or redefining ELBO objective using MMD based ELBO.
However, this still requires manually checking the variance, a
theoretical proof/justification of which is presented in InfoVAE-
Proposition2. CGM improves upon these by mapping each
input to a categorical prior and fixed variance to bound the
information flow. The main contributions of the paper are
multimodal prior and information bounding method which
learns an informative latent space with benefits of MMD based
ELBO objective e.g., Fig. 4 confirms the effect of information
rate controlling behaviour in image generation. Our initial
attempt in this work is to show an easy way of training
a generative model which eliminated the existing problems
without compromising much on overall performance. Again
our preliminary results confirm that with better architectures
significant performance gains can be achieved.

V. CONCLUSION AND FUTURE WORK

In this paper, we have introduced CGM, a categorically
conditional generative modelling approach with fixed multi-
modal priors. We have demonstrated that this model can learn



disentangled representation of data. The overall generative
framework is regularized by restricting the information rate of
the encoder network, and by maximizing a mutual information
criterion between the global latent categorical variable and the
encoded inputs. This ensures that the latent conditional prior
distribution doesn’t have vanishing variances, and information
between latent and input space is maximized efficiently. We
evaluated our model on various tasks ranging from unsupervised
clustering, classification to image completion using popular
datasets and achieved competitive results compared to the
current state-of-the-art. In future applications to sequence pre-
diction or data (such as audio or video) that requires modelling
of temporal dynamics using a conditional generative approach
would be worth considering. Additionally, the proposed CGM
method’s applications towards categorically defined rehearsal
and pseudo-rehearsal approaches for alleviating catastrophic
forgetting may be attempted to enable continual learning.

APPENDIX A
PROOF OF PROPOSITION 1:

Assuming K categories with conditional variables g, the
marginal distribution can be defined in terms of summation
over categorical distributions as:

K
logp(x16) = [ 3" plx.zghli = k] o)z

p(x|z, 8", 0)p(zlg", O)p(g*|0)
q(z,g"|x)
p(xl|z, 8", 0)p(zlg", O)p(g*|9)
q(z, gk |x)
p(Zng;c@) "
q(z|x,g", ¢)

=logE, g»

> E, g |log

>E, .+ |logp(x|z,g",0) +log

p(g"]6)
q(gPlx, ¢)
(10)

where the relation follows from Jensen’s inequality. The third
term is a constant since we have assumed a uniform prior p(g|6)
over all categories. The second term is the KL divergence
between inference distribution and conditional prior distribution.
From eq(9), for v < 1 and bounded information flow between
latent and input space, KL divergence can be replaced by MMD
divergence. Taking the expectation over data distribution p(x)
proves our result.

log
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