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Abstract—Deep generative models are being actively studied,
particularly variational autoencoders (VAEs) because they can
generate high-quality images. The M2 model supports semi-
supervised learning from both labeled and unlabeled data,
which enables the generated images to be easily controlled by
changing the class label values. However, generative models
must be learned from only unlabeled data when class labels are
not available. A model is presented that incorporates a deep
clustering method into the M2 model, which enables clusters
to be identified among unlabeled data so that each data point
can be assigned to one of the clusters. The generated images
in unlabeled datasets can easily be controlled by changing the
cluster assignment of each data point.

Index Terms—unsupervised learning, deep learning, generative
model, output control

I. INTRODUCTION

Variational autoencoder (VAE) [9] models generate high-
quality images. They are based on the assumption that the
input images are generated through latent variables and model
the generation process. They have the same the architecture
as conventional autoencoders, so they can extract the latent
variables of data. We assume that the latent variables have
a prior distribution and that new data can be generated by
sampling from the prior distribution. However, it is difficult
to change the generated images by exploring the latent space
because they use continuous priors.

One proposed approach to solving this problem it to use
a discrete prior. The Gumbel-softmax [7] method makes the
representation of latent features compact and easy to interpret.
However, using this method to discretize the latent variable
reduces the expression ability of the model. Furthermore,
VAE:s using the Gumbel-softmax method do not always learn
the latent variable that can be used to easily change the
generated results.

Another proposed approach is to extend the standard VAE
model to semi-supervised learning, enabling the model to learn
from both labeled and unlabeled data. The M2 model [8]
learns both a generative model and a discriminative model.
Using the M2 model, we can change the generated images in
a supervised dataset by changing the class label. However,
this model cannot learn the classifier in an unsupervised
dataset, so we cannot change the generated images by using
an unsupervised dataset.

(a) Generative model, pg (b) Inference model, g4

Fig. 1: Generative and inference M2 models.

We propose extending the M2 model to enable control of
the generated images for unsupervised learning. The model
proposed has the same architecture as the M2 model and
incorporates a deep clustering method in the classifier for
unsupervised learning. This paper makes two contributions.

o We present a model that can change the generated images
in unsupervised learning, and

« we evaluate the performance by comparing it with that
of the M2 model.

II. M2 MODEL

VAE models generate data « using latent variables z. They
can sample from approximate posterior distributions while
retaining the parameters in the inference model by using a
reparameterization trick. Therefore, it is possible to optimize
the inference model and the generative model end-to-end by
backpropagation.

The M2 generative model [8] extends the standard VAE
model to support semi-supervised learning. The M2 model is
illustrated in Fig. 1. It models the generation process by using
latent variable z and latent class variable y:

p(y) = Cat(y|m), (1)
p(z) = N(z/0,1), (2)

u= fi(z;y,2,0), 3)

o = fa(x;y, 2,0), 4)
po(aly, z) = N(p,0?), (5)



where Cat is a categorical distribution, A" is a Gaussian
distribution, and f; and f> are mapping functions like neural
networks. It can use two kinds of data: labeled data and
unlabeled data. The objective function consists of a labeled
bound, an unlabeled bound, and label loss. The variational
bound for labeled data is defined as

logpe(x,y) > g, (2|2 [log pe(x|y, 2) + log pa(y)
+logp(z) — log qg(2z|, y)] (6)
=—L(z,y). (7

The variational bound for unlabeled data is as
logpg(ill) > Eq(p(y,z\m) [lngg (£B|y, Z) + 10gp0(y)
+logp(z) — log ¢y (y, z|x)] ®)
= as(ylm)(—L(m,y)) + hlgs(ylz)) ()
y

= —U(z), (10)

where h(p(y)) = — >, p(y') logp(y’) is the entropy func-
tion. Therefore, the bound on the negative log-likelihood for

all data is
> L=y + ) Ul),

(z,y)~p1 T~py

an

where p is an empirical distribution.

In objective function (11), the predicted label distribution
q4(y|x) appears only in unlabeled terms. Thus, it is impossible
to learn using label information for learning the classifier. This
problem is overcome by using a newly proposed objective
function in which classification loss is added to (11).

The extended objective function is

T =T 4 a-Egzy)[—10g g (y|z)],

where « is a hyperparameter for controlling the balance
between generative and discriminative learning.

III. IMSAT

The Information Maximizing Self-Augmented Training
(IMSAT) [5] method is used for clustering or hash learning
using a deep neural network. In this paper, we focus on IMSAT
for clustering, which combines regularized information maxi-
mization (RIM) [4] for clustering and self-augmented training
(SAT) [13].

(12)

A. Regularized Information Maximization

The RIM [4] method improves discrimination performance
by maximizing the mutual information between the inputs and
cluster assignments. It also controls the complexity of the
classifier by regularization.

Let K be the number of clusters, X be the input domain,
and Y be the discrete representation domain. In addition, let
X € X be a random variable for input data and Y € Y =
{0, ..., K — 1} be one for cluster assignment. We can now
minimize the objective function for clustering to

R(6) — AI(X:Y), (13)

where R(f) is the regularization term and I(X;Y") is the
mutual information term between input X and cluster variable
Y. Both depend on parameter ¢. Hyperparameter A\ controls
the balance between these terms.

B. Self-Augmented Training

SAT [13] uses data augmentation to make the representation
locally invariant. This brings the augmented data points close
to the original ones. Let the augmented function be 7" : X —
X. Then, the regularization at a data point x,, is

7QSAT (9» Ln, T(mn)) =
M Vi

= psymlmn) log pe(ym|T (1)),

m=1 vy, =0

(14)

where 6 is the current network parameter, and p, is the
prediction of original data point . Finally, the objective
function is the average of equation (14) at all training data
points:

N
ZRSAT (0; @, T(@n))-

R(6,T) (15)

There is then a general augmented function 7' that adds a
local perturbation. The augmented function is expressed as

T(z)=a +r, (16)

where 7 is slight perturbation that does not change the average
of the data points. One of the methods for determining
this perturbation 7 is SAT, which selects the most hostile
perturbation in accordance with

rzargmax{RSAT(é;w,w—i—r');HT’HQ < e} (17)
7~,/

C. IMSAT for clustering
IMSAT for clustering combines RIM with SAT. The objec-
tive function is
RSAT — )\[I(X, Y)] =

Rsar = A[H(Y) = H(Y | X)], (18)

where H(-) is the entropy and H(- | -) is the conditional
entropy. These terms are calculated using

( Zpe(ym ) .19
Zh(pe Yy ‘ wz

The second term in (18) makes the distribution at whole
data points uniform, and the third term makes the predicted
distribution at each data point sharp.

H(Y) = h(po(y))

H(Y | X) (20)



I'V. RELATED WORK

It is important to use discrete prior distributions because
doing so improves the interpretability and compactness of
latent variables. However, it is impossible to use discrete prior
distributions with end-to-end learning since the reparameter-
ization trick [9] supports only continuous distributions. To
solve this problem, Eric Jang et al. proposed using approxi-
mate sampling from a categorical distribution. Their Gumbel-
softmax method [7] not only solves this problem but also
makes learning faster than marginalizing labels in the M2
model.

The vector-quantized (VQ)-VAE [15] and the self-
organizing-map (SOM)-VAE [3] extensions of VAE discretize
the latent variables. VQ-VAE applies vector quantization to
the latent variables and embeds them in embedding space,
thereby reducing the number of inactive units. SOM-VAE, a
generalized VQ-VAE, applies self-organizing maps [10] to the
latent variables. In addition, it uses a Markov model, making it
easier to learn series data. It thus improves the interpretability
of the latent variables and can be applied to complex time-
series data such as medical data.

The Cluster-aware Generative Model [12] has two layers
of latent variables and uses natural clustering to extract the
data structure. Its use of natural clustering improves generative
performance.

Thomas et al. proposed an objective function [14] for
learning feature expressions that can be used to control data
changes. It consists of a reconstruction error term in the
autoencoder and a selectivity term. The selectivity term makes
the feature expressions learned by the autoencoder controllable
and independent of the elements.

V. PROPOSED MODEL

Our proposed model for unsupervised feature learning intro-
duces IMSAT clustering into the M2 model, making it possible
to control the generated images by changing the cluster
assignments even when learning from unlabeled datasets. This
model has the same architecture as the M2 model except for
introducing IMSAT clustering into the classifier. The objective
function for unsupervised learning is

K=-> Ul

T~Pu

+v(Rsar — M(X;Y)), (21

where v is a hyperparameter that controls the power of the
IMSAT terms.

The proposed model can also be used for semi-supervised
learning by using both labeled and unlabeled data. The objec-
tive function for semi-supervised learning is

KY=K— > L{xz,y) +a Eayupnlloggs(y| )] (22)
z,y~p

The generative and clustering tasks are done by minimizing
either of these objective functions.

VI. EVALUATION

We evaluated our proposed model in comparison with the
M2 model using three benchmark datasets and two quantita-
tive evaluation measures, the ELBO (evidence lower bound)
score and labeling/clustering accuracy. The ELBO score was
calculated on the basis of the log-likelihood scores given
by the importance weighted autoencoder (IWAE). The label-
ing/clustering accuracy was used to evaluate the similarity of
the predicted labels or clusters to the true labels and was
calculated using

max 25:1 1{l, = 7”(Cn)}7
m N
where N is the number of classes, [,, is true labels, and ¢,
is assigned clusters. As a qualitative evaluation, we evaluated
reconstructed images of training and test data and evaluated
generated images when the cluster assignments and latent
variables were changed.

(23)

A. Experiments

We conducted four qualitative evaluation experiments using
the MNIST (Mixed National Institute of Standards and Tech-
nology) [11], Kuzushiji-MNIST (KMNIST) [1], and Fashion-
MNIST (FMNIST) [16] datasets. The KMNIST dataset con-
sists of ten Japanese hiragana characters, and the FMNIST one
consists of ten fashion items. Both have the same form as the
MNIST one but are more complicated. In each experiment,
we used 60,000 images as training data and 10,000 images as
test data.

Since the proposed model has the same architecture as the
M2 model, we used the same settings for both. We used the
maximum likelihood probability for the encoders, decoders,
and classifiers. We set the encoder network dimensionality to
784-500-50 and the decoder network one to 60-500-784. We
set the classifier network one to 784-500-10 for the MNIST
dataset and to 784-500-500-2000-10 for the other datasets.
We used a softplus function for the hidden activations in the
encoders and decoders. In addition, we used softplus [2] as
the activation function in the classifiers and applied batch
normalization [6] to each layer.

We set the mini-batch size to 200. For semi-supervised
learning, the mini-batch consisted of 100 labeled data points
and 100 unlabeled data points. We trained the M2 model and
our model for 500 epochs.

We use the Gumbel-softmax method to accelerate learning.
It enables approximation of sampling from a discrete distri-
bution. We fixed temperature parameter 7 to 0.1 for learning
with the MNIST dataset, initialized it for this method to 5,
and annealed it 0.99 times per epoch.

We set parameter ;o for controlling the power of marginal
entropy H(Y) to four and A\ for controlling the balance
between Rsar and I(X;Y) to 0.1 in all experiments. We
used VAT as the augmented function and set parameter « so
that the range of perturbation was 0.25. Finally, we set 7 for
adjusting the balance between the IMSAT term and ELBO to
1000.



TABLE I: ELBO scores

Model version ‘ MNIST KMNIST FMNIST
M2 (supervised) -93.476 -192.224  -235.269
M2 (unsup.) -95.279 -191.041 -234.711
M2 (semi-sup.) -116.086  -360.480  -267.816
Our model (unsup.) -93.620 -190.575 -234.449
Our model (semi-sup) | -141.819  -360.343  -244.107

TABLE II: Labeling/Clustering accuracy for training data.

Model version ‘ MNIST KMNIST FMNIST
M2 (unsup.) 0.484 0.558 0.507
M2 (semi-sup.) 0.943 0.620 0.687
Our model (unsup.) 0.821 0.679 0.645
Our model (semi-sup.) 0.979 0.718 0.749

B. Results

1) ELBO scores: We calculated the ELBO scores for the
supervised version of the M2 model by using test data with
true labels and for the unsupervised and semi-supervised
version of the M2 model and our model by using test data
with only the predicted labels (cluster assignment). The un-
supervised and semi-supervised versions of our model have
the same structures as those of the M2 model. Table I
summarizes the ELBO scores. The higher the score, the better
the performance because the ELBO score is a lower bound
of the log-likelihood. Both versions of the proposed model
performed better than those of the original one except for the
semi-supervised version when trained with MNIST. This is
because the MNIST dataset is simple, so data augmentation by
IMSAT clustering did not benefit the training of the generative
model. In fact, it negatively affected it.

The scores of the semi-supervised learning versions of the
models were lower than those of the unsupervised ones. This
is because the unsupervised versions learned only a generation
task while the semi-supervised ones learned both classification
and generation tasks. In addition, the ELBO score reflects
the performance of only the generation task. Thus, the semi-
supervised versions did not always achieve good optimization
for the generation task.

2) Labeling/Clustering accuracy: We calculated the label-
ing/clustering values for both versions of the M2 model and
our model. Performance is high when the value is close to 1.
As shown in Tables II and III, IMSAT clustering improved
accuracy with and without labeling/clustering. In addition, the
semi-supervised learning version of our model had higher
accuracy than that of the M2 model trained using the MNIST
dataset. Therefore, our model is effective when classification
by shape is important.

The accuracy for the test data in the KMNIST dataset was
worse than the accuracy for the test data in the other datasets.
This is because the data in the KMNIST dataset is more
difficult to classify than those in the other datasets as there
is a variety of images in the same class (character), and there
is sometimes a small difference between images in different
classes.

3) Qualitative evaluation of generated images: For qual-
itative evaluation of the generated images, we fixed a latent

TABLE III: Labeling/Clustering accuracy for test data

Model \ MNIST KMNIST FMNIST
M2 (unsup.) 0.484 0.372 0.500
M2 (semi-sup.) 0.942 0.463 0.681
Our model (unsup.) 0.825 0.503 0.636
Our model (semi-sup.) 0.981 0.553 0.740

variable in each version of the two models and changed only
the label/cluster variables to enable evaluation of whether each
version can learn discrete variables for effectively changing
generated images. The training and generated MNIST images
are shown in Fig. 2. The results for the unsupervised learning
version of the M2 model show that it failed to generate correct
images for several classes.

The training and generated KMNIST images are shown in
Fig. 3 These results show that the unsupervised version of our
model improved the quality of the generated results while the
unsupervised version of the M2 model did not successfully
generate images for some classes. Therefore, classification by
shape needs to be successfully performed in order to change
the generated images. In addition, the images generated by
the semi-supervised version of the M2 model and the semi-
supervised version of our model are ambiguous. It is difficult
to learn the classifier from a small number of images for each
label because the images in the KMNIST dataset for each label
have greatly different shapes. Therefore, given the generated
images and the results in Table I, we assume that the semi-
supervised learning versions of both models overfit the shape
of the labeled data, resulting in generated images with poor
quality.

These results show that the unsupervised versions of the M2
model and our model could not recognize some classes and
thus failed to generate images for those classes. This is because
the FMNIST dataset contains many similar images belonging
to different classes, which makes it difficult to classify them
using only visual information. However, it is easier to change
the generated images with the unsupervised version of our
model because the IMSAT clustering improves classification
performance. In contrast, the semi-supervised versions of the
M2 model and our model solve this problem and successfully
generate images for all classes. Therefore, label information
is effective for guiding the learning of the model so that it can
distinguish different classes. In addition, the semi-supervised
version of our model generated smoother images than the
semi-supervised version of the M2 model. This is because the
IMSAT clustering augmented the data for each class, enabling
the model to learn the generative process of each class more
accurately.

VII. SUMMARY AND FUTURE WORK

Our proposed generative model combines the M2 model
with IMSAT clustering, so the generated images can be easily
controlled by changing the label (cluster assignment) with
both unsupervised and semi-supervised learning. Comparison
of evaluation results between our model and the M2 model
showed that the proposed model can learn labels/clusters



(e) Our semi-supervised model

Fig. 2: MNIST images of each label in (a) training data, and
generated by (b) unsupervised M2 model, (c) semi-supervised
M2 model, (d) our unsupervised model, and (e) our semi-
supervised model.

for effectively changing the generated images. The results
also showed that IMSAT clustering improves classification
accuracy, especially for datasets where classification by shape
is important, like the MNIST and KMNIST datasets. These
results indicate that the proposed model is particularly effec-
tive when classification by shape is important. The results for
the KMNIST dataset show that generative models with semi-
supervised learning do not always generate better images than
ones with unsupervised learning.

Future work includes changing from IMSAT for clustering
to IMSAT for hash learning. While a cluster variable represents

(e) Our model, semi-supervised

Fig. 3: KMNIST images for each label for (a) training data and
generated by (b) unsupervised version of M2 model, (¢) semi-
supervised version of M2 model, (d) unsupervised version of
our model, and (e) semi-supervised version of our model.

a one-hot vector, a hash variable represents a binarized vector.
Therefore, the M2 model with IMSAT for hash learning
can learn more expressive discrete representations, enabling
generated images to be changed more flexibly.
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(e) Our model, semi-supervised

Fig. 4: FMNIST images for each label for (a) training data and
generated by (b) unsupervised version of M2 model, (c) semi-
supervised version of M2 model, (d) unsupervised version of
our model, and (e) semi-supervised version of our model.
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