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Abstract

We present a novel combination and training strategy for autoencoders for unsuper-
vised feature extraction and dimensionality reduction. Multiple autoencoders are
trained in parallel and are eagerly stopped before reaching the minimum possible
reconstruction error on the validation dataset. We show how, in low data envi-
ronments, the diversity in the parallel autoencoders leads to more robust feature
learning in a faster time, capturing salient and disparate features in the data while
preventing memorization and overfitting when compared to a single monolithic
autoencoder. Convolutional autoencoders (CAE) are used to study and demon-
strate the performance on the MNIST (digit recognition) and CIFAR-10 (object
recognition) datasets.

1 Introduction

Autoencoders [1]] have been in use for unsupervised feature extraction and dimensionality reduction.
Their unsupervised training procedure makes them a very powerful tool. The autoencoder takes input
features and transforms them onto a new latent space where examples with similar properties tend to
cluster near each other.

Although autoencoders were able to transform high dimensional data into low dimensions, it came at
the cost of high training time and often would be prone to weak generalization performance. Especially
in the case of image data, where the input dimensions are very high, this problem is magnified. In
the recent years, new architectures have built upon autoencoders to help them generalize better. The
convolutional autoencoder has convolution and convolution transpose layer stacked. Due to parameter
sharing, these models tend to have high generalization performance. Dropout [2] has also been used
to prevent co-adaptation of feature weights and has improved the performance, at the cost of increased
training time.

Autoencoders have been very effective in environments where there is abundance of unlabelled data
or in semi supervised use cases. Many attempts have been made to tackle the problem of low data,
eg. while dealing with image data, rotations and other minor distortions were made to create more
examples to train on. Denoising autoencoders [3] were able to learn much more robust representations
discarding the unnecessary noise and retaining salient features present in the input. But in some cases,
such changes to the data may have unintended consequences. Medical data, for example, requires
carefully processing of data where minor perturbations to the data may lead to incorrect learning by
the model. When lives are at stake, the confidence in such methods tend to drop.

Another crucial issue with low data environments is that we cannot make use of additional compute
resources even if we have them at our disposal. Model parallelism involving splitting of weights
across nodes will not be helpful as data will not allow us to train larger models without the risk of
overfitting. In these cases, it would be better to just train a small classifier that fits into a single
node. Data parallelism involving splitting the entire dataset across the nodes and synchronization
between weights. Again, the low amount of data prohibits the use of data parallelism as the overheads



outweigh the benefits. The convolutional layers may benefit through parallelism on a GPU but the
speed up is limited beyond a point.

We wish to tackle these two problems of low training data and long training time with good general-
ization performance and propose a new architecture that combines multiple autoencoders that can be
trained in parallel. To prevent these models from overfitting to the small training sample, we eagerly
stop the training process before reaching the minimum reconstruction loss on the validation dataset.
The results are combined via a combined voting algorithm and classifier. The intuition is that the
random initialization of the autoencoders and the eager training will cause them to learn different
features in the latent space quickly. The combination method will automatically perform bagging
operation on the individual autoencoders and we study if we can get the same accuracy in lesser time
or better accuracy in the same time. This way, we aim to utilize all the resources at our disposal and
still have good generalization performance in our model.

We used convolutional autoencoders and trained them in parallel on MNIST and CIFAR datasets.
The trained autoencoders were then fed to a classifier for accuracy prediction on these datasets. It
was observed that parallel autoencoders tend to perform better than monolithic autoencoders when
trained for less time (fewer epochs). Performance of both parallel and monolithic autoencoders tend
to converge as the training time (epochs) increases

2 Related work

The initial versions of autoencoder [1] was composed of stacked Restricted Boltzmann Machines
(RMBs). This was trained using a greedy layer wise pretraining step followed by fine tuning via
gradient descent. To build upon the representational power, deeper stacked networks called deep
belief nets were introduced accompanied by new training algorithms[4] that not only used layer
wise pretraining but also utilized the concept of complementary priors. The model was equivalent to
stacked RBMs, and used methods like contrastive divergence and Gibbs sampling. Although good
performance was obtained via these methods, these models took too long (a few days) to train.

Building upon their work, Santara et al. [5] posited that greedy pretraining is usually detrimental
as one may overtrain one layer causing it to lose harmony with the other layers of the network. To
alleviate this issue, they developed a faster learning algorithm for deep stacked autoencoders on multi-
core systems using synchronized layer-wise pre-training and obtained 26% speed-up for achieving
the same reconstruction accuracy. The primary idea was to reduce the idle time of greedy layer-wise
pre-training by introducing parallelism with synchronization while controlling the synchronization
frequency to amortize the overheads due to parallelism.

Newer methods like the use of better activation functions (like ReLU), adaptive gradients and
optimizers (like Adam) allow us to train deep networks without the need for pretraining. Thus, we do
not focus on pretraining in our study.

Very similar to our parallel autoencoder architecture, Modular Auto Encoders [6] aim to target
the problem of redundancy in the features learnt by the parallel autoencoders. They utilize the
concept of diversity to learn a diverse collection of modular feature extractors in an unsupervised
fashion. They use an ensemble of multiple smaller autoencoders and a composite loss function
between reconstruction loss and diversity in learning of the auto-encoders combined with an SVD
approach at the end instead of gradient descent. This achieves good results but entails overheads of
synchronization between the autoencoders at every step.

Closely related to the concept of diversity, KATE [7] was a autoencoder model for text where, instead
of using all neurons, the top-k activations are allowed to pass unrestrained. For the others, a fraction
of the activation was allowed to pass to improve learning. This fraction could even be greater than 1.0
to amplify the learning process. The intuition behind this was to encourage diversity in the learning
across neurons of the same model.

Though training autoencoders takes time, bagging (bootstrap aggregation) is very easy for parallel
computing and greatly reduces generalization error. It involves duplicating the training data and
training multiple models combined with a classification layer to compute the final class probabilities
and the prediction from the different models are combined using voting aggregation. The hope
is that due to the non linearity, different models will learn different things and this has shown to
boost the classification accuracy in multiple tasks. In one case, an object retrieval task [8] involved



images being transformed using a convolutional layer and the latent space was fed to an set of bagged
autoencoders. Our model aims to borrow ideas from the use of bagging coupled with autoencoders
to enhance the performance of upstream tasks. Stacked convolutional autoencoders [9] combined
multiple layers of pretrained convolutional autoencoders to form a powerful convolutional network.
They obtained promising results on the MNIST and CIFAR-10 datasets.

Our solution space encompasses low data environments with little or no labelled data where it is
difficult to assess performance by just looking at reconstruction accuracy or extrinsic supervised
tasks. Data parallelism cannot be exploited due to small amount of data and model parallelism cannot
be used either because training larger models might lead to strong overfitting or memorization of
examples without learning salient features of the inputs.

3 Methodology

3.1 Use of CNN

The drawback in the use of fully connected autoencoders is that it not only ignores the spatial
information implicit in the 2D structure of images, but also leads to issues in dealing with larger
sized images due to the sheer number of parameters to be learnt. In recent years, convolutional neural
networks (CNNs) and CNN based architectures have achieved state of the art results in vision and
related tasks. This is due to the learning of localized features captured via filters and their detection
even when the position of an object is distorted within the input. The convolution operation done by
these filters capture spatial information and are more translation invariant.

3.2 Convolutional autoencoders

Convolutional autoencoders build upon conventional autoencoders by utilizing these ideas. They
have weights that are shared across all locations in the input, thus preserving spatial locality. The
unsupervised nature of autoencoders allows easy training and the convolutional features make it a
strong fit for assessing performance of our model on the MNIST and CIFAR-10 datasets.
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Figure 1: Architecture diagram of a single convolutional autoencoder for the MNIST data.

The convolutional autoencoder make up the basic building block of our solution. We use the above
configuration while performing our study. We train the network on different sized subsets of the
MNIST and CIFAR-10 datasets. The loss used for the reconstruction error was the squared error
averaged over all training examples, as follows:

L(x,x') =[x = x'||3 = [Ix = h(g(x))|13 (1)
1 n

L(X,X) = - Z L(x1,x}) )
=1

where x is the input image, x’ is the reconstructed image, g is the encoder function and h is the
decoder function.

While the training is being done, we log additional information for the purpose of profiling and the
results in terms of accuracy, loss and time are interpreted and presented in the experiments section.
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Figure 2: Architecture diagram of the classifier for the MNIST data.

3.3 Classifier architecture

The next stage of our project involves creation of the classifier. The encoder is taken out from the
autoencoder and the input images are passed through it to obtain the activations. These activations
are fed to a classifier that learns to predict in a supervised manner.

3.4 Multi CAE classifier architecture

Once we are ready with the basic version of the convolutional autoencoder and classifier, we design
the multiple convolutional autoencoder architecture. The multiple autoencoders can be trained in an
embarrasingly parallel way but the recombination step is expensive as the classifier for the next layer
takes in more input features and hence needs to do more work to grasp what the input features really
mean. Figure [3]shows how the multiple convolutional autoencoders are combined to obtain results
via a voting

Activation Maps SVC or NN
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Figure 3: Architecture diagram of the classifier for the multiple CAEs

3.5 Motivation

We hypothesize the following:
e For low amounts of data, the performance of our proposed model will be much better than
that of the monolithic autoencoder as we leverage the benefits of bagging in our model.

e As the dataset size gets larger, the effect of bagging is mitigated if the monolithic network is
powerful enough to capture the underlying features in the dataset.

e We should be able to get same performance in lesser time or better performance in the same
time.

The timing diagram in figure 4 shows what results we hope to achieve.
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Figure 4: Timing diagram for monolithic CAE training vs multi CAE training

The experiments section highlights what we have carried out to assess the results of our model. For
every graph, we run the program for three times and take the average result to get a smoother and
more interpret able results.

3.6 Implementation details

e We picked PyTorch in favour of TensorFlow as both of them provided nearly equal expres-
sivity in terms of the features that we wanted to tweak.

e The convolutional network architecture was inspired by the LeNet architecture.

e The layers of the convolutional network had max-pooling to iteratively downsample the
image, but also increased the number of filters and thus feature maps to capture more
information.

e ReLU non linearity was used used in favour of Sigmoid or other non linearities as it counters
the issue of vanishing gradients.

e Inbuilt weight initialization provided by PyTorch seemed to perform reasonably well

e Adam was used as an optimizer due to its adaptive nature and robustness compared to
stochastic gradient descent.

e As a convergence criteria for the monolithic autoencoder, we looked at the change in
validation accuracy. The criteria for stopping was a strong increase in the validation accuracy
for consecutive iterations.

e For the eager autoencoders, we trained the autoencoders for multiple epochs and dumped
the models. Then based on how much time the classifier would take, we would pick an older
model to compare.

o Thus the convergence criteria for the multiple autoencoders was judged after conducting an
initial round of experiments.

4 Dataset

We have carried out our analysis using the MNIST[T0]'] and CIFAR-10[1T)f| datasets.

The MNIST dataset contains 28x28 sized grayscale images of handwritten digits labelled from O to
9. It contains 60,000 training examples and 10,000 test examples. For the purpose of our study, we
do not perform any form of preprocessing on the images. Given the small size of the input features,
fully labelled dataset and the availability of benchmarks to compare it against, the MNIST dataset
makes for an ideal fit for our study. The state of the art result is 0.21% error [12] and can be used as
an indicator helping us ascertain convergence of our models.

The CIFAR-10 dataset is similar to MNIST - it contains 60,000 coloured images of size 32x32
belonging to 10 mutually exclusive classes. The split between training and testing data is 50,000 and
10,000. The same reasons for picking the MNIST dataset apply to the CIFAR-10 dataset as well. The
state of the art performance on this dataset is is 2.72% error. [13]

"http://yann.lecun.com/exdb/mnist/
“http://www.cs.utoronto.ca/ kriz/cifar.html
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Figure 5: Sample images from the MNIST and CIFAR-10 datasets.

Both these datasets have user friendly wrappers in top machine learning frameworks making the data
loading process easier. Thus we can shift our focus to tackling our actual problem in hand instead of
having to speed much time on unnecessary details. For the purpose of assessing performance in low
data environments, we utilize subsets of these datasets.

We randomized the datasets, split into training, validation and test datasets and performed minibatch-
ing with a batch size of 100.

S Experiments

The primary focus was not just the implementation of the architecture but to design a conceptually
strong set of cohesive experiments to correctly assess its performance. To this end, we made our code
modular and have saved a lot of information during training so that post training analyses can be done
much more effectively.

While the autoencoders are being trained, reconstruction loss on the train data and the validation
data are calculated and saved along with the time taken on a per epoch basis. Once logged, this
information can be read by another script for the purpose of running analyses.

The experimental setup is as follows:

e The monolithic autoencoder is trained for 100 epochs. The autoencoder models are saved
after each epoch for later use.

e Multiple autoencoders are trained in parallel or one after the other. The results are aggregated
based on the effective wall clock time required to train them.

e After optimizing for reconstruction, the monolithic autoencoder’s encoder is used to generate
activations for the training data. These activations are used as input features to run supervised
learning to classify the digits.

e For multiple autoencoders, some additional overhead is involved in stacking together the
activations from all the separate encoders. Another classifier that takes as input these
activations is trained.

o All of the operations are timed and assessed post training.

6 Results

The results for MNIST, as expected were different for large(48k training, 12k validation) and
small(4.8k training, 1.2k validation). We test for 5 parallel autoencoders. For large datasets, both
the monolithic and parallel autoencoders learn and perform almost equally well on the validation set.
Figure 8] shows the reconstruction and validation accuracy for Monolithic and Parallel autoencoders.
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Figure 6: Original and Reconstruction for MNIST for 1st and 10th epochs

For small datasets, the parallel autoencoders tend to have a higher classification accuracy when
the number of epochs are low. It should also be noted that for low number of epochs 3/5 parallel
autoencoders have a slightly better learning curve than the monolithic autoencoder, while 2/5 have a
much worse learning curve. We attribute this to the random initialization that caused those models
to being from an unfavourable spot on the objective function. As the number of epochs increases,
the reconstruction loss and classification accuracy for parallel and monolithic autoencoders tend to
converge.
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Figure 7: Original and Reconstruction for CIFAR10 for 1st and 10th epochs

For CIFAR-10 dataset, our Convolutional Autoencoder did not perform very well. The classification
accuracy for reconstructed outputs was around 40% and monolithic and parallel autoencoders
performed equally badly.

This highlighted a very strong point against our intuitions. We had hoped that while trying to optimize
for the reconstruction loss, the autoencoders would learn important features of the input dataset. But
in the absence of backpropagation of the error gradients across the autoencoder, as is the case for end
to end training with fine tuning, the autoencoders had discarded information that was important to
distinguish between classes.
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Figure 8: a) Large dataset reconstruction loss for Monolithic and Parallel Autoencoders b) Small
dataset classification accuracy for monolithic and parallel autoencoders
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Figure 9: a) Small dataset reconstruction loss for Monolithic and Parallel Autoencoders b) Small
dataset validation accuracy for monolithic and parallel autoencoders

7 Discussion and conclusions

We show that although the intuition behind the eager training has merit, it is hard to obtain good
performance without performing of fine tuning. The optimization of reconstruction in an agnostic
way leads to it remembering features useful for reconstruction but not for any other upstream class. It
is still hard to assess the performance of a feature extractor without streamlining it to an upstream

task.



The high dimensionality reduction does not work well and we need to find the right balance between
dimensionality reduction and feature extraction. Non convolutional autoencoders were harder to train
and performed worse than convolutional autoencoders as expected.

In the future we would like to assess how other variants like variational convolutional autoencoders,
denoising convolutional autoencoders and other models in general perform when they are eagerly
trained. There would be some class of problems that this could solve in the future, but we have not
found them. Yet.
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