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Abstract. Adversarial variational Bayes (AVB) can infer the parameters of a generative model from the data using approximate maximum
likelihood. The likelihood of deep generative models model is intractable.
However, it can be approximated by a lower bound obtained in terms
of an approximate posterior distribution of the latent variables of the
data q. The closer q is to the actual posterior, the tighter the lower
bound is. Therefore, by maximizing the lower bound one should expect
to also maximize the likelihood. Traditionally, the approximate distribution q is Gaussian. AVB relaxes this limitation and allows for flexible
distributions that may lack a closed-form probability density function.
Implicit distributions obtained by letting a source of Gaussian noise go
through a deep neural network are examples of these distributions. Here,
we combine AVB with the importance weighted autoencoder, a technique
that has been shown to provide a tighter lower bound on the marginal
likelihood. This is expected to lead to a more accurate parameter estimation of the generative model via approximate maximum likelihood. We
have evaluated the proposed method on three datasets, MNIST, Fashion
MNIST, and Omniglot. The experiments show that the proposed method
improves the test log-likelihood of a generative model trained using AVB.
Keywords: Variational Autoencoder · Importance Weighted Autoencoder · Adversarial Variational Bayes · Generative Models

1

Introduction

Generative models can generate new data very similar to the observed data. A
popular generative model assumes that the observed data has been generated by
letting a random source of noise (e.g., Gaussian distributed noise) go through
a strong non-linear function such as the one corresponding to a deep neural
network. This is how variational autoencoders (VAEs) and generative adversarial
networks (GANs) work [10,7]. The task of interest is how to infer the parameters
of the non-linear function that better explain the data. In general, however, this
is a difficult task. Simple approaches such as maximum likelihood estimation
fail because the likelihood of the model has no analytic form. Its computation
involves marginalizing the input noise. The resulting integral is too complicated
as a consequence of the strong non-linearities of the deep neural network.
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Two approaches can be used to overcome the problems described. The first
one, employed in GANs, consists in using a discriminator to evaluate the quality of the generative model inferred so far [7]. The discriminator is trained to
learn to correctly classify data points as coming from the training data set or
as coming from the generator. Then, the generator is trained to make things
difficult for the discriminator. If the training process is carried out correctly, the
result is a generator that outputs data very similar to the observed data [16].
Learning, however, becomes difficult as the optimization problem that infers the
parameters of the generator is a max-min problem [7]. Thus, GAN training is
sometimes unstable and fails to produce meaningful results [2]. In spite of this,
the images generated by GANs are often described are very realistic [16].
A second approach for learning generative models approximates the likelihood using approximate inference. In the variational autoencoder (VAE) a lower
bound on the log-likelihood of the model is provided [10]. This lower bound is
obtained in terms of an approximate distribution q that targets the posterior
distribution of the latent variables of the data (i.e., the noise variables used to
generate the data). The missing part of the lower bound is the Kullback-Leibler
(KL) divergence between q and the exact posterior. Therefore, maximizing the
lower bound is equivalent to minimizing the KL between q and the actual posterior. Often, q is set to be a Gaussian, which guarantees that the lower bound can
be easily approximated and optimized using stochastic optimization. Furthermore, amortized variational inference relates the parameters of q to the actual
observed data point x [19]. This non-linear relation is specified in terms of a
deep neural network. Thus, in the VAE one obtains for free a recognition model
(i.e., q) that infers the latent variables used to generate each instance.
The VAE can be improved by considering an average over several samples
from q to evaluate the lower bound. This method is known in the literature as
the importance weighted autoencoder (IWAE) [4]. The IWAE relies on importance variational inference [5] and the lower-bound obtained can be proved to
be tighter than the one of the VAE. Therefore, the IWAE carries out a process
that is closer to maximum likelihood estimation. This is translated into better
parameter learning of the generative model and better log-likelihood results on
validation data. The drawback is that K samples are needed to approximate the
lower bound, which is K times more expensive.
A limitation of the VAE is that q is often restricted to be Gaussian. The
reason for this is that it simplifies the evaluation of the objective to be optimized.
A Gaussian distribution, however, may be far from the actual posterior. This
introduces some bias in the objective that is optimized. Namely, the lower bound.
Specifically, the difference between the log-likelihood of the training data and
the lower bound is the KL divergence between q and the actual posterior. A
Gaussian approximate distribution q is expected to suffer from approximation
bias. Therefore, by increasing the flexibility of q it is possible to make the lower
bound tighter, which should lead to better parameters estimation.
The approximation bias described is alleviated by using more flexible distributions q. This is how adversarial variational Bayes (AVB) works [15]. A flexible
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model for q is one similar to the generative model considered in GANs or VAEs
[7,10]. Namely, a non- linear function that receives as input a Gaussian noise.
These are known as wild-variational approximations and also as implicit distributions [13,8]. If the non-linear function is complex enough, e.g., it is a deep
neural network, and the number of dimensions of the noise is big enough, such a
distribution can generate almost anything, as illustrated by the expressive power
of GANs [16]. These distributions are easy to sample from. For this, one only
has to generate random noise and let it go through the non-linearity. Nevertheless, evaluating the probability density function (p.d.f.) is complicated since it
requires the marginalization of the noise, which is intractable. The log-ratio between q and the prior distribution for the latent variables of the model appears
in the lower bound of the VAE. Therefore, using an implicit distribution q makes
things difficult. AVB solves this problem by approximating the log-ratio using a
flexible classifier that discriminates between samples from q and the prior. It is
possible to show that the optimal classifier is precisely given by such log-ratio.
This classifier can be trained simultaneously as the generative model. Therefore,
AVB allows to carry out approximate inference using more flexible distributions
q that may lead to tighter lower bounds on the log-likelihood of the model. This
has been shown to lead to better parameter estimation [15].
We improve AVB and the IWAE by combining both approaches. That is,
we consider the lower bound that is optimized in the IWAE and we employ a
flexible approximate distribution q that is specified as an implicit model. Namely,
a distribution that is easy to sample from but that has no closed-form p.d.f. The
lower bound of the IWAE also requires the estimation of the log-ratio between
the approximate distribution q and the prior. To address this problem we use
the trick employed in AVB. That is, we use a flexible classifier, specified by a
deep neural network, to discriminate between samples from q and the prior. We
refer to such an approach as importance weighted adversarial variational Bayes
(IWAVB). We evaluate the performance of the this method on the MNIST, the
Fashion MNIST, and the Omniglot datasets. The results obtained show that
IWAVB improves the results of AVB. More precisely, it infers the parameters of
the generative model so that the log-likelihood on test data is higher.
The rest of the paper is organized as follows: Section 2 introduces the VAE.
We also review here the IWAE and AVB as two improvements of standard VAEs.
Then, in Section 3 we described the proposed approach for learning deep generative models. This approach combines all the advantages of the IWAE and AVB
for approximate inference. Section 4 describes important related work. Section
5 shows the experiments of this paper in which have evaluated the proposed
approach, IWAVB. Finally, Section 6 gives the conclusions of this work.

2

Variational Autoencoders

We describe the problem of learning a generative model of the observed data and
how this task can be carried out by using the variational autoencoder (VAE).
We also describe here how this model can be improved by considering the impor-
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tance weighted autoencoder (IWAE) and adversarial variational Bayes (AVB).
Consider some observed data X = {xi }N
i=1 , with d the dimensionality of the
data. We assume that these data have been generated by the following model:
Z
pθ (x) = pθ (x|z)p(z)dz ,
(2.1)
where z ∈ Rl are latent variables associated to x so that z ∼ N (0, I). Therefore,
l is the dimensionality of the latent space. Furthermore, we assume that pθ (x|z)
is a conditional distribution parameterized by θ. In the case that x ∈ Rd , an
example of this distribution is a deep neural network that will output the means
and diagonal variances of a multi-variate Gaussian distribution for x. In the case
of binary data. That is, when x ∈ {0, 1}d , the conditional distribution can be a
deep neural network that will output the activation probabilities of a product of
Bernoulli distributions. Namely, in each case we have that:
pθ (x|z) =

d
Y

N (xj |µθj (z), νjθ (z)) ,

j=1

pθ (x|z) =

d
Y

Bern(xj |µθj (z)) ,

(2.2)

j=1

where N (·|m, v) denotes a Gaussian density with mean m and variance v, and
Bern(·|µθj (z)) is the probability mass function of a Bernoulli random variable
with activation probability µθj (z).
The task of interest is how to infer θ, i.e., the parameters of pθ (x|z) given X.
The maximum likelihood principle can be used for this task [3]. The problem is
that the marginalization of z in (2.1) is intractable. To overcome this, the VAE
introduces an approximate distribution qφ (z|x) targeting p(z|x) and considers
the following decomposition of the log-likelihood of the observed data [10]:
log pθ (x) = Lφ,θ (x) + KL(qφ (z|x))|p(z|x)) ,

(2.3)

where
Z

pθ (x|z)p(z)
dz ,
qφ (z|x) log
qφ (z|x)
Z
p(z|x)
KL(qφ (z|x))|p(z|x)) = − qφ (z|x) log
dz ≥ 0 .
qφ (z|x)
Lφ,θ (x) =

(2.4)
(2.5)

Furthermore, the approximate distribution is constrained to be Gaussian with
parameters specified non-linearly in terms of x by a deep neural network:
qφ (z|x) =

l
Y

N (zj |mφj (x), vjφ (x)) .

(2.6)

j=1

The second term in the r.h.s. of (2.3) is the Kullback-Leibler divergence between
q and the actual posterior. The first term, i.e., L(x), is hence a lower bound on
the log marginal likelihood. Namely, log p(x) ≥ Lφ,θ (x). Thus, a maximization

Importance Weighted Adversarial Variational Bayes

5

of Lφ,θ (x) with respect to φ is equivalent to minimizing KL(qφ (z|x))|p(z|x)).
Furthermore, at the maximum, qφ (z|x) is expected to be a good approximation
to p(z|x) and hence KL(qφ (z|x))|p(z|x)) should be small. In that case, a maximization of Lφ,θ (x) with respect to θ, the parameters of the generative model,
is expected to also maximize log pθ (x). Specifically, the VAE objective is:
N
X

Lθ,φ (xi ) =

i=1

N
X

Ezi ∼qφ (zi |xi ) [log pθ (xi |zi )] − KL(qφ (zi |xi )|p(zi )) ,

(2.7)

i=1

which is maximized simultaneously with respect to φ and θ.
The second term in (2.7) is the KL divergence between two Gaussian distributions, which can be computed analytically. The first term in (2.7), however, has
no closed-form expression. This term (and its gradients) can be approximated
by Monte Carlo methods. In particular, one can resort to the reparametrization
trick [10]. For this, one generates a sample from qφ (zi |xi ), z̃i , by first generating
a standard Gaussian random variable i to then apply a transformation so that
z̃i = gφ (xi , i ). In the case of the Gaussian distribution, this transformation is
always possible. One just has to multiply each component j = 1, . . . , l of i by
q
vjφ (x) to then add mφj (x). The noisy estimate of (2.7) is then,
N X
log pθ (xi |z̃i ) − KL(qφ (zi |xi )|p(zi )) ,
|B|

(2.8)

i∈B

where we have considered a mini-batch B of data points to scale to large datasets.
A unbiased gradient estimate can be obtained from (2.8) using the chain rule.
Thus, (2.7) can be easily optimized using stochastic optimization [10].
2.1

Importance Weighted Variational Autoencoders

The VAE can be improved by considering the importance weighted autoencoder
(IWAE) [4]. In this method for learning the parameters θ of the generative model
it is considered a tighter lower bound that the one of the VAE. Namely,
#
"
K
1 X pθ (x|zk )p(zk )
K
.
(2.9)
L̂θ,φ (x) = Ez1 ,z2 ,...,zK ∼qφ (z|x) log
K
qφ (zk |x)
k=1

This is a lower bound on log pθ (x) as follows from Jensen’s inequality and the
fact that the average is an unbiased estimator:
"

K
1 X pθ (x|zk )p(zk )
E log
K
qφ (zk |x)
k=1

#

"

K
1 X pθ (x|zk )p(zk )
≤ log E
K
qφ (zk |x)

#
= log pθ (x) ,

(2.10)

k=1

where the expectations are the same as the one in (2.9).
When the number of samples K equals 1, (2.9) coincides with (2.4). When
K > 1, it is expected that the variance inside of the log in (2.9) is reduced. In

6
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K
particular, L̂K+1
θ,φ (x) ≥ L̂θ,φ (x), as proved in [4]. Therefore, one can obtain a
tighter lower bound simply by increasing K. The IWAE objective can also be
approximated stochastically as in (2.7). In this case, however, the KL divergence
is not contained in the objective. One must include the ratio between qφ (z|x)
and the prior p(z) in the stochastic estimate. Namely,
K
1 X pθ (xi |z̃ki )p(z̃ki )
N X
log
,
|B|
K
qφ (z̃ki |xi )
i∈B

(2.11)

k=1

where we consider K samples from qφ (zi |xi ) instead of just one, as in the VAE.
This objective leads to better estimation of the parameters of the generative
model θ when K > 1. More precisely, by considering K = 5 and K = 50
samples, better test log-likelihood results are obtained [4].
2.2

Adversarial Variational Bayes

A limitation of the VAE (and also the IWAE) is that the approximate distribution qφ (z|x) is Gaussian. This introduces some bias in the estimation of the
model parameters. In particular, in the VAE the difference between the Lφ,θ (x)
and the actual log-likelihood of the data log pθ (x)) is the KL divergence between
qφ (z|x) and the exact posterior distribution p(z|x). This means that the quantity that is optimized by the VAE need not be equal to the expected optimal
one. Namely, the log-likelihood of the model parameters θ.
Adversarial variational Bayes (AVB) is a technique that can be used to consider flexible distributions qφ [15]. Examples of these distributions include implicit distributions also known as wild-approximations [13]. These are distributions that are easy to sample from but that may lack an analytical expression
for the probability density. For example, consider the approximate distribution:
Z
z = fφ (x, e) , e ∼ N (0, I) , qφ (z|x) = δ(z − fφ (x, e))N (e|0, I)de , (2.12)
where δ(·) is a point of probability mass and fφ (·, ·) is a non-linear function,
e.g., a deep neural network. If the dimensionality of e is large enough and the
complexity of fφ is big enough, one can generate almost anything. This is precisely the approach used in GANs or the VAE to generate data [10,7], which can
generate very complex data [16].
A problem, however, is that distributions such as (2.12) lack closed-form
probability densities. This makes difficult optimizing the objective of the VAE
in (2.8). Specifically, it is required to estimate the log-ratio between q and the
prior, in order to evaluate (2.8), as the KL divergence between q and the prior
depends on this log-ratio. See (2.4) for further details. AVB provides an elegant
solution to this problem. For this, it uses the fact that the log-ratio between
q and the prior is given by the output of an optimal classifier that solves the
problem of discriminating samples from the prior and from q. More precisely,


qφ (z|x)
= Ez∼qφ (z|x) [Tω? (x, z)] , (2.13)
KL(qφ (z|x)|p(z)) = Ez∼qφ (z|x) log
p(z)
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where Tω? (x, z) is the output of the the optimal classifier. This classifier can be
implemented as deep neural network with parameters ω. If Tω (x, z) is flexible
enough it should approximate the log-ratio very accurately [15]. The objective
that is considered for training the discriminator, assuming q is fixed, is:
max
ω

Ez∼qφ (z|x) [log σ(Tω (x, z)))] + Ez∼p(z) [log(1 − σ(Tω (x, z))))] .

(2.14)

where σ(·) is the sigmoid activation function. It is possible to show that the optimal Tω? (z, x) that maximizes (2.14) is given precisely by log qφ (z|x) − log p(z)
[15]. Note that (2.14) can be optimized using stochastic optimization. It is equivalent to training a deep neural network to solve a binary classification task.
Given Tω? (z, x), the objective of AVB for learning the parameters of the generative model is obtained by introducing in (2.8) the output of such a classifier:
N X
log pθ (xi |z̃i )] − Tω? (z̃i , xi ) .
|B|

(2.15)

i∈B

To optimize this objective we need to differentiate with respect to φ. This may
be complicated since Tω? (z, x) depends on φ. However, due to the expression
for the optimal discriminator, it can be showed that Eqφ (z|x) (∇φ Tω? (z, x)) = 0.
Therefore the dependence of Tω? (z, x) w.r.t φ can be ignored [15]. In practice,
both qφ and the discriminator Tω (z, x) are trained simultaneously. However, qφ is
updated by maximizing (2.15) using a smaller learning rate than the one used to
update the discriminator Tω , which considers (2.14). Several experiments show
that an implicit distribution for q improves the test log-likelihood results [15].

3

Importance Weighted Adversarial Variational Bayes

We propose to combine both the IWAE, which is able to optimize a tighter lower
bound than the one considered by the VAE, and AVB to allow for approximate
inference using an implicit approximate distribution qφ . This is expected to lead
to better optimization results of the parameters of the generative model θ. In
the case of IWAE, however, the missing term (i.e., the difference between the
log-likelihood of the model parameters θ and the lower bound) is not the KL
divergence between q and the actual posterior. Nevertheless, this method can
also benefit from a more flexible distribution q. Specifically, the IWAE objective
is an importance sampling estimate [4]. The optimal sampling distribution in
such an estimate is the actual posterior distribution p(z|x). If that distribution
is employed, it is possible to show that the objective in (2.9) coincides with the
marginal likelihood of the data log pθ (x).
Even though the IWAE can benefit from using an implicit distribution as
the approximate distribution qφ , it is not trivial how to employ this distribution
in practice. More precisely, the objective in (2.9) requires the computation of
the ratio between the prior p(z) and approximate posterior qφ (z|x). We propose
to estimate this ratio using the approach of AVB. Namely, by using the output
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of a near-optimal classifier that discriminates between samples from these two
distributions. The lower bound that we consider is hence
"
L̃K
θ,φ (x)

= Ez1 ,z2 ,...,zK ∼qφ (z|x)

K
1 X pθ (x|zk )p(zk )
log
K
qφ (zk |x)

#

k=1

"
= Ez1 ,z2 ,...,zK ∼qφ (z|x)

#
K
n
o
1 X
k
k
log
exp log pθ (x|z ) − Tω? (z , x)
.
K

(3.1)

k=1

and the objective is given by
K

1 X
N X
log
exp log pθ (x|zk ) − Tω? (zk , x) .
|B|
K
i∈B

(3.2)

k=1

The optimal discriminator Tω? (zk , x) can be trained as in AVB by optimizing the
objective in (2.14). This can be carried out using the specific details employed
in AVB, e.g., training all the networks at the same time, and using a bigger
learning rate to train the discriminator. We expect that the optimization of this
tighter lower bound results in a better parameter estimation.

4

Related Work

There are other techniques that have been proposed to allow for implicit models
besides adversarial variational Bayes. In [20] is it described a method to obtain
an unbiased estimate of the gradients of the lower bound when an implicit model
is used to approximate the posterior distribution. This estimate relies on Markov
chain Monte Carlo techniques to approximate the posterior distribution of the
noise e that was used to generate each z. Even though this approach works in
practice its implementation is difficult as simulating a Markov chain in frameworks such as Tensorflow require coding loops which are often computationally
expensive and cannot be accelerated on GPUs [1].
Another approach to obtain flexible approximate distributions q is normalizing flows (NF) [17]. NF starts with a simple distribution q, e.g., Gaussian,
whose samples are modified using non-linear invertible transformations. If these
transformations are chosen carefully, the p.d.f. of the resulting distribution can
be evaluated in closed-form, avoiding the problems of implicit models for q that
lack a closed-form p.d.f. The problem of NF is that the family of transformations
is limited, since it has to be invertible, which may constrain the flexibility of q.
The implicit model considered in our work does not have these restrictions and
is hence expected to be more flexible.
Stein Variational Gradient Descent transforms a set of particles to match
the posterior distribution [14]. This technique is competitive with state-of-theart methods, but the main drawback is that many particles (points) need to be
stored in memory to accurately represent the posterior. This can be a computational bottle-neck. The number of samples is fixed initially, and these samples
or particles are optimized during training. In problems with a high dimensional
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latent space this can be problematic. Our approach only needs to generate a few
samples to obtained better results, i.e., 5 or 10 samples.
In [18] variational inference and MCMC methods are combined to obtain
flexible approximate distributions. The key is to use a Markov chain as the approximate distribution q. The parameters of the Markov chain can be adjusted to
match as close as possible the target distribution in terms of the KL divergence.
This is an interesting idea, but is also limited by the difficulty of evaluating the
p.d.f. of q, as in the case of AVB. In [18] this problem is addressed by learning
a backward model, that infers the initial state of the Markov chain given the
generated samples. Learning this backward model accurately is expensive and
parametric models have to be used in practice, which may introduce some bias.
Another approach derives a lower bound that is looser than the one considered by the VAE [23]. However, this lower bound can be evaluated in closed-form
when an implicit distribution is used as the approximate distribution. This work
does not have the problems of AVB, in which extra models have to be used to
approximate the log-ratio between the approximate distribution q and the prior.
A problem, however, is that the looser lower bound can lead to sub-optimal
approximation results. Nevertheless, the experiments carried out in that work
indicate that some gains are obtained.
Finally, approximate inference by using importance weights is analyzed in
detail in [6]. That paper shows that such a method optimizes a KL divergence
between the approximate distribution q an implicit posterior distribution. That
paper also extends the ideas of importance weighted approximate inference to
general probabilistic graphical models, not only generative models as in [4].
While the proposed method to account for an implicit approximate distribution q is simple and can be easily codified in modern frameworks for machine
learning such as Tensorflow [1], it suffers from the limitation of having to train
a discriminator, in parallel, in order to optimize the lower bound in (3.2).

5

Experiments

We have carried out experiments on several datasets to evaluate the performance of the proposed method. The datasets considered are MNIST [12], Fashion MNIST [22], and Omniglot [11]. The number of instances in each of these
datasets are 70,000, 70,000 and 32,640, respectively. Each instance is a 28 × 28
gray-scale image (in Omniglot we down-sample the images from an initial resolution of 105 × 105). We use 55,000 images for training in MNIST and Fashion
MNIST, 5,000 for validation, and the rest for testing. In the case of the Omniglot
dataset we use 5,000 instances for validation, 5,000 instances for testing and the
rest for training. Fig. 1 shows 50 images extracted from each datasets.
In each dataset we train the proposed method, IWAVB, considering a different number of samples. Namely, K = 1, 5 and 10 samples. Importantly, for
K = 1 samples IWAVB reduces to AVB, which allows to compare results with
that method. We considered two potential values for the dimensionality of the
latent space l = 8 and l = 32 and report results for both of them. In each exper-
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Fig. 1. Sample images extracted from the MNIST dataset (left), Fashion MNIST (middle) and Omniglot (right). All images are of size 28 × 28 pixels in gray scale.

iment the generator, the non-linear function of the approximate distribution q
and the classifier used to approximate the log-ratio use the same architecture as
in [15]. That is, they are convolutional neural networks. The dimensionality of
the noise injected in the implicit model is set to 32. We use ADAM for training
the models with a learning rate of 5 · 10−5 for the generative model and 10−4
for the classifier [9]. The number of steps is set to 150000. All the computations have been carried out using Tensorflow [1] and a Tesla P100 GPU. We
use the adaptive contrast technique, as described in [15], to improve the results
of the log-ratio estimation. The test log-likelihood is estimated using annealedimportance sampling with 8 parallel chains run for 1000 steps [21]. Validation
data are used to track the overall progress of the training process.
The results obtained are displayed in Table 1. This table shows the average
negative test log-likelihood (the lower the better) of IWAVB on each dataset
in terms of the number of samples considered K and the dimensionality of the
latent space, i.e., l. We observe that IWAVB always improves results with K and
that most of the times the best results correspond to the larger number of samples, as expected, since this results in a tighter lower bound of the log-likelihood
associated to the training data. We also observe that increasing the dimensionality of the latent space improves results in general. The datasets considered in
our experiments have a large number of samples. Therefore, we have only considered a single train / test partition of the data. It is hence difficult to obtain
error bars on the estimated quantities. Nevertheless, the fact that always the
best results correspond to K > 1 gives evidence supporting that the proposed
approach performs better.
From these experiments we can conclude that the proposed method is able
to improve the results of estimating the parameters of the generative model θ.
In particular, it seems to always improve the results of AVB in terms of the
log-likelihood of test data. Recall that AVB correspond to IWAVB with K = 1.
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Table 1. Neg. test log-likelihood (NLL) on each dataset in terms of the latent space
dimensionality (l) and the number of samples (K) used to compute the lower bound.
Dataset
MNIST
MNIST
MNIST
MNIST
MNIST
MNIST

l K
8 1
8 5
8 10
32 1
32 5
32 10

NLL
90.23
90.16
90.19
80.74
80.49
79.77

Dataset
Fashion
Fashion
Fashion
Fashion
Fashion
Fashion

l K
8 1
8 5
8 10
32 1
32 5
32 10

NLL
231.25
230.34
229.43
226.96
227.16
225.14

Dataset
Omniglot
Omniglot
Omniglot
Omniglot
Omniglot
Omniglot

l K
8 1
8 5
8 10
32 1
32 5
32 10

NLL
156.62
142.99
152.70
91.54
91.25
91.43

Importantly, the results obtained are also similar and even better than the ones
reported in [15]. We conclude that a combination of the IWAVB with implicit
models results in better generative models in terms of the test log-likelihood.

6

Conclusions

We have proposed a novel method for training deep generative models. Training
these models is challenging because the likelihood lacks a closed-form expression.
A method that overcomes this problem is the variational autoencoder (VAE),
which maximizes a lower bound on the log-likelihood of the model [10]. This lower
bound can be made tighter by considering extra samples from an approximate
distribution q that targets the posterior distribution of the latent variables of
the data z. This is how the importance weighted autoencoder (IWAE) works.
An orthogonal approach to improve results considers an implicit model for the
approximate distribution q, which is constrained to be Gaussian in the VAE and
the IWAE. This technique is known as adversarial variational Bayes (AVB) [15].
A difficulty, however, is that evaluating the lower bound when q is implicit is no
longer tractable, since the log-ratio between q and the prior distribution for the
latent variables is required. AVB uses the output of a classifier that discriminates
between samples from q and the prior to estimate the log-ratio.
In this paper we have combined the the IWAE to obtain a tighter lower bound
on the log-likelihood of the generative model and AVB, which allows to consider
an implicit distribution q that need not be Gaussian. Our hypothesis was that
the tighter lower bound of the IWAE combined with the extra flexibility of an
implicit model for q should lead to better generative models. We have validated
the proposed approach on several experiments involving gray-scale images of
size 28 × 28 pixels extracted from the MNIST, Fashion MNIST, and Omniglot
datasets. In these experiments we have observed that the proposed approach
always improves the results of AVB. Furthermore, using a bigger number of samples in the approximation of the log-likelihood of the generative model seems to
improve results most of the times, which is the expected behavior, since more
samples imply a tighter lower bound that is closer to the actual log-likelihood.
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