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In this work, we present two new strategies to improve dimensionality reduction

using deep autoencoders. It is shown that by enforcing sparsity and bottleneck

constraints on alternate layers of a deep autoencoder, the performance of determin-

istic auto-associative pre-training models like shallow autoencoders can be made

comparable to, and in some cases even better than, stochastic models like Re-

stricted Boltzmann Machines (RBMs). We also introduce a new technique called

intermediate fine-tuning which improves the performance of all deep autoencoder

models which employ stackable modules like RBMs for pre-training. The improve-

ment in performance is demonstrated for the benchmark MNIST dataset as well as

some synthetic datasets for which the intrinsic dimensionality is explicitly known.
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Chapter 1

Introduction

In many situations, data can be represented in much fewer dimensions than the

number of dimensions in which it is originally available. Reducing the dimension-

ality of data can be extremely beneficial as it can cause magnitudes of reduction

in data saving costs, transmission costs and computation time for various tasks.

Besides this, dimensionality reduction finds use in many research areas as a pre-

processing step to reduce the redundancy or maximize discrimination. One of

the numerous possible examples is in HMM based phonetic recognition ([Hu and

Zahorian, 2010]).

It is for such reasons that dimensionality reduction has been one of the key areas

of research for a long time. Based on the type of data in question, many methods

like principal component analysis (PCA), independent component analysis (ICA),

locally linear embeddings, ([Roweis and Saul, 2000]), Isomap ([Tenenbaum et al.,

1



Introduction 2

2000]) etc. have been proposed. For a detailed review on the recent advances in

dimensionality reduction, see [van der Maaten et al., 2009].

In certain situations like robot motion planning, it is desirable to be able to re-

construct the original data from its reduced form or for producing data in original

space using new points in reduced space (also called out-of-sample reconstruc-

tion1). Many popular algorithms used commonly are able to reduce the dimen-

sionality of data but do not have explicit methods for reconstructing the original

data. One of the methods that is capable of such reconstructions is the autoen-

coder which forms the focus of our present work.

Figure 1.1: Out of sample reconstruction using Local Quadrature Recon-
struction (LQR) and Linear-Reconstruction: Top row - Original Data, Middle
Row - Reconstruction using LQR, bottom row - Reconstruction using Linear-

Reconstruction. ([Dhingra, 2013])

In the next few sections, we formally introduce the problem being tackled and

review the relevant literature.

1For details, please refer [Dhingra, 2013] or [Bengio et al., 2004]



Introduction 3

1.1 Autoencoders and Deep Learning

Auto-associative neural networks or autoencoders were first introduced by [Rumel-

hart et al., 1986] for learning more about the structure of data without using any

labels i.e. to enable unsupervised learning. The defining criterion of such net-

works is that they seek to produce an output which is very similar to the input

while satisfying some constraints within the network. One common constraint is

the bottleneck constraint in which the a hidden layer of the neural network has

less number of dimensions are compared to the input and output layer. Such a

constraint forces the network to learn a compressed representation of the data

thereby enabling dimensionality reduction.

[Baldi and Hornik, 1989] showed that an autoencoder with linear activations and

mean-squared error as loss function (for terminology see section 2.1) learns to

extract the principal components of the data i.e. the autoencoder could be used

to perform PCA. [Kramer, 1991] extended this idea to form non-linear PCA using

a 5-layered network with alternate linear and sigmoid activations.

Autoencoders have since been found useful for a variety of tasks like dimensionality

reduction ([Zemel and Hinton, 1995]), novelty detection ([Thompson et al., 2002],

[Japkowicz et al., 1995]), data retrieval ([Thompson et al., 2003]) etc. Though it

was well-agreed that there are several advantages2 of deep neural networks that are

extremely hard or costly (in terms of memory usage or computation time) to obtain

through shallower ones; still most of the work before 2006 remained restricted

to relatively shallow autoencoders (only 2-3 hidden layers) as deep autoencoders

2For a recent opinion on advantages of deep architectures, see chapter 2 of [Bengio, 2009]
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with non-linear activation functions were highly prone to problems like vanishing

of error gradients in lower layers and the optimization being stuck in shallow

local minima. These problems were not just specific to autoencoders but to neural

networks in general and not much progress could be made on deep neural networks

until 20063.

It is theorized that due to the non-convex nature of the involved optimization and

several other factors, any gradient based method used to train a deep network

“works well only if the initial weights are close to a good solution” [Hinton and

Salakhutdinov, 2006]. [Hinton et al., 2006] showed that Restricted Boltzmann

Machines [Smolensky, 1986] could be trained generatively in a greedy unsupervised

manner to find a good set of weights for a deep belief network. Using these weights

to initialize the network and then fine-tuning it based on the supervised objective

provided results which were comparable to, and in many cases better than, the

state of the art at that time. This unsupervised layer-wise training of RBMs

before supervised training is known as pre-training while the supervised part is

called fine-tuning. Using a similar procedure, [Hinton and Salakhutdinov, 2006]

showed that RBMs could also be used to learn good initial weights for a deep

autoencoder (this is covered in detail in section 2.3).

On similar lines as above, [Ranzato et al., 2007] and [Bengio et al., 2007] showed

that deterministic shallow autoencoders (covered in detail in section 2.1) could

also be used to find good initial weights for supervised tasks. However, these

initial results using shallow autoencoders were not as good as the ones obtained

3One notable exception to this is Convolutional Neural Networks (see [LeCun and Bengio,
1995])
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using RBMs. [Vincent et al., 2010] using denoising autoencoders (section 2.1.2)

and [Rifai et al., 2011] using contractive autoencoders were able to achieve results

comparable to the ones achieved by RBMs.

Though both RBMs and shallow autoencoders have been shown to achieve good

results in finding initial weights for both supervised tasks as well as deep autoen-

coders and RBMs have been used to find good initial weights for deep autoencoders

also but the use of autoencoders for finding good initial weights for deep autoen-

coders has not been explored in detail.

In this work, we first try to bridge this gap and then look for strategies to im-

prove the performance of both deterministic models like shallow autoencoders and

stochastic models like Restricted Boltzmann machines for the task of dimension-

ality reduction using deep autoencoders.

1.2 Main Contributions of the work

Following are the main contributions of this thesis:

1. Establishing performance benchmarks for training deep autoen-

coders using deterministic pre-training models: As mentioned ear-

lier, the use of shallow autoencoders for pre-training of deep autoencoders

has not been studied in detail. In chapter 3, we provide results from several
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experiments showing the performance by using shallow autoencoders for pre-

training. The effect of varying autoencoder types and layer-sizes has been

studied in detail.

2. Bridging the performance between stochastic and deterministic

pre-training models: Our preliminary experiments in chapter 3 reveal

that pre-training with Restricted Boltzmann Machines (RBMs) shows better

results than the pre-training with shallow autoencoders commonly used in

literature4. However, we show that by introducing some modifications, the

performance of shallow autoencoders can be made comparable to, and in

some cases even better than, RBMs.

3. Introduction of alternate sparsity: Sparsity has been exploited in neu-

ral networks mainly for maximizing discrimination and making the learnt

features easily interpretable. In this work, we show that by using sparsity

and bottleneck constraints on alternate layers of a deep autoencoder, bet-

ter reconstruction performance can be achieved in dimensionality reduction

tasks.

4. Introduction of inter-mediate fine-tuning: In chapter 4, we introduce a

new strategy for improving the reconstruction performance of deep autoen-

coders. We show that for very deep autoencoders, inter-mediate fine-tuning

significantly improves the performance of all kinds of models considered in

this work.

4Note that the use of shallow autoencoders in literature is mainly for pre-training of deep
classifier networks and not for the kind of tasks for which we are using them here
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In the remaining chapters, we provide the details of the above mentioned work.

Chapter 2 lays down the basic framework for our experiments by explaining the

models, datasets and resources used in this work. Chapters 3 and 4 discuss the

modifications introduced by us and and their benefits. Chapter 5 concludes our

discussion and makes some suggestions for possible related future work.



Chapter 2

Preliminaries

In this chapter, we explain the existing theoretical models necessary for under-

standing the modifications introduced by us in the upcoming chapters. We begin

our discussion by reviewing the shallow autoencoder model and its variants in sec-

tion 2.1. Restricted Boltzmann Machines are covered in section 2.2. Section 2.3

deals with Deep Autoencoder and its training for dimensionality reduction which

is the main focus of this work. Remaining sections give a brief description of the

resources used by us and the datasets on which the experiments are conducted.

2.1 Shallow Autoencoder

Auto-associative networks or autoencoders are neural networks which are usually

trained for producing an output which is quite similar to the input fed to them.

For the sake of compactness, we shall refer to auto-associative networks with only

1 hidden layer as shallow autoencoders or simply autoencoders. Autoencoders

8



Background 9

with more than one hidden layer shall be referred to as deep autoencoders. In

this section, we first explain the basic autoencoder and then present some of its

popular variants.

2.1.1 Basic Autoencoder

Given an input data in the form of a vector X = [x1, x2, x3, . . . , xnv ] with nv di-

mensions, a basic autoencoder with nh number of hidden units is a neural network

which can be characterized by 4 parameters, 2 equations and the objective of

optimally reconstructing the input data. The parameters are:

• W1: An nv×nh real-valued matrix whose elements w
(1)
ij represent the weight

on the connection between ith component of input vector and jth hidden unit

• W2: An nh×nv real-valued matrix whose elements w
(2)
ij represent the weight

on the connection between ith hidden unit and jth component of output
vector

• B1: An nh dimensional real-valued vector whose components b
(1)
i represent

the bias on ith hidden unit

• B2: An nv dimensional real-valued vector whose components b
(2)
i represent

the bias on ith component of output vector

The governing equations are:

yj = f1

(
nv∑
i=1

xiw
(1)
ij + b

(1)
j

)
(2.1)

zj = f2

(
nh∑
i=1

yiw
(2)
ij + b

(2)
j

)
(2.2)

where Y = [y1, y2, . . . , ynh
] represent the activations of hidden units and Z =

[z1, z2, . . . , znv ] represent output of the network. f1 and f2 are known as activation
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functions. Commonly used activation function are sigmoid, tanh, rectified linear

units or the most basic linear activation. In this work, we have made use of only

linear and sigmoid activations. Linear Activation is the identity function (f(t) = t)

whereas the sigmoid function is given below:

sigmoid(t) =
1

1 + exp(−t)
(2.3)

The objective of training the network is to adjust the parameters W1,W2, B1 and

B2 in such a way that the output vector Z becomes as similar as possible to the

input vector X. Mathematically, the difference between the output and input is

measured using a loss function. The most commonly used loss functions are Mean-

squared error for real-valued data and reverse cross-entropy for probabilistic as well

as binary data. As the experiments considered in this work involve only binary

and probabilistic data, we have used reverse cross-entropy as the loss-function.

Mathematically, reverse cross-entropy is defined as follows:

Lcross−entropy(X,Z; θ) = −
nv∑
i=1

(xi log zi + (1− xi) log(1− zi)) (2.4)

where θ corresponds to the set of parameters W1,W2, B1, B2. The adjustment of

parameters or training is carried out using the standard backpropagation algorithm

([Rumelhart et al., 1986]), which essentially performs a gradient descent on the

loss-function, or one of its many variants.

It can be easily seen that in the trivial case of an autoencoder with linear activation

functions and nh > nv, it is possible to produce an identity function from the
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network. In the more interesting case of nh < nv, [Baldi and Hornik, 1989] showed

that at global minimum of mean-squared error between the output and input, the

network learns to extract the first nh principal components of the data as the

hidden activations and that this error surface is convex. However, this is not true

for the case of sigmoid or other non-linear activation functions.

In the more general scenario of non-linear activation functions, an autoencoder

network can be thought of as attempting to learn a representation of the input in

an nh dimensional space in such a way that using the set of weights W2, the original

input may be reconstructed appropriately. In case of nh < nv, this network can

be seen as trying to find a low-dimensional representation of the data.

In general, the weight matrix W2 is restricted to be equal to the transpose of

matrix W1 throughout the training to avoid learning of uninteresting or trivial

representations. Training paradigms following this type of restriction are said to

be using ‘tied weights’. Unless otherwise stated, weights are assumed to be tied

for all the experiments in this work where shallow autoencoders are being trained.

2.1.2 Denoising Autoencoder

The denoising autoencoder is a basic autoencoder only with one major difference.

In denoising autoencoder, the input is first partially corrupted and then fed to the

network. The network is trained to optimally reconstruct the original input from

this partially corrupted one. The main rationale behind using this criterion is that

it forces the autoencoder to learn the main underlying structure in the data which
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may be sufficient to appropriately reconstruct the original input vector. Denoising

autoencoders have been used by [Vincent et al., 2010] to find good initial weights

(pre-training) for training deep multilayer neural networks used for classification.

2.1.3 Contractive Autoencoder

Contractive Autoencoders attempt to learn robust features for classification by

reducing sensitivity of the hidden layer activations to the input. The loss function

which contractive autoencoders seek to minimize comprises of 2 terms out of which

one is the usual reverse cross-entropy. The second term is the “Frobenius norm of

the Jacobian matrix of the encoder activations with respect to the input” [Rifai

et al., 2011]. Using the same notation as used earlier, the modified loss function

is:

Lcontractive(X,Z; θ) = −
nv∑
i=1

(xi log zi + (1− xi) log(1− zi)) + λ‖Jf1(X)‖2F (2.5)

where λ is the parameter which can be used to control the weight being given to

the penalty term which is calculated as follows:

‖Jf1(X)‖2F =
∑
i,j

(
∂yj
∂xi

)2

(2.6)

where Y=[y1, y2, . . . , ynh
] represent the hidden layer activations. Except for the

modification in loss function and hence in the gradient, the rest of the training

procedure remains the same.
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2.1.4 Sparse Autoencoder

Though there are a lot of methods for using sparse representations in neural net-

work training, but for the present work, we use the formulation as given in [Ng,

2011]. Similar to the contractive autoencoders, sparse autoencoders also work by

introducing an additional term to the loss function. This additional term penalizes

any deviations in average activation of a hidden unit from a specific (usually very

low) value. To understand this, consider a training set of m examples X1, X2, . . .

till Xm. The average activation of a hidden unit over this training set can be

computed as:

ȳj =
m∑
i=1

yj(Xi) (2.7)

In order to have a sparse representation, it is desirable to have a low average

activation for all the hidden units. Let yd represent a desirable value of average

activation. Then, the penalty term essentially represents the KL-divergence be-

tween a distribution represented by the average activation of hidden units and a

distribution where the average activation of every unit is yd. Mathematically,

E(Ȳ ; yd) =

nh∑
i=1

(
yd log

yd
ȳi

+ (1− yd) log
1− yd
1− ȳi

)
(2.8)

Thus, the final loss function summed over all training examples is:

L =
m∑
i=1

Lcross−entropy(Xi, Zi; θ) + λE(Ȳ ; yd) (2.9)
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where λ is a parameter that can be changed to modify the weight assigned to the

penalty term.

2.2 Restricted Boltzmann Machine (RBM)

Restricted Boltzmann machines are energy-based bidirectional bipartite graphical

models that can be used for modeling probability distribution over a set of inputs.

Given a set of inputs with nh dimensions, it tries to find a mapping from the input

space to an nh dimensional space such that the likelihood of the input examples

being generated from their corresponding nh dimensional representations is max-

imized. This maximization problem can be shown to be equivalent to minimizing

the Gibbs free energy of the graphical model. The exact solutions to problem

are in general extremely time-consuming but the same can be approximated by

making use of Gibbs sampling which is a Markov Chain Monte-Carlo (MCMC)

method. Just executing 1 step of the corresponding Markov chain is sufficient to

obtain the samples required for approximating the required objective. The process

most commonly used for training RBMs is Contrastive Divergence. More details

on RBMs and contrastive divergence can be found in [Fischer and Igel, 2012],

[Bengio and Delalleau, 2009] and [Bengio, 2009]
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2.3 Deep Autoencoder

Deep Autoencoders are auto-associative networks with more than one hidden layer.

Though, the defining feature of autoencoders (both deep and shallow) is the prop-

erty to have the output of the network as similar as possible to the input but for

the present work, we consider only fully-connected symmetric autoencoders. To

understand what we mean by symmetric full-connected deep autoencoders, con-

sider the deep autoencoder shown in fig. 2.1. Symmetry here indicates that the

number of hidden units in layer L1, or equivalently its size, must be equal to that

of layer M1. Similarly, size of L2 and M2 must be equal. Quite trivially, the size of

output layer must be equal to the input. Fully connected means that every unit in

a hidden layer is connected to every unit in the succeeding and preceding layers.

In shallow autoencoders considered earlier, the hidden layer was fully connected.

Input L1 L2 L3 M2 M1 M0

Figure 2.1: Deep Autoencoder
For deep autoencoders considered in this work, size of layer L1 is same as M1
while size of layer L2 is same as that of M2. Similarly, size of layer M0 is same

as the dimensionality of the input.

As the deep autoencoders we consider are symmetric, in order to describe the

architecture of the network we only describe the number of units in each layer of

the first half. For example, if the input dimensionality is 2000 and we we want the

layers of the autoencoder to have 1000, 500, 250, 500 and 1000 units respectively
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in the 5 hidden layers, then we give the architecture as -1000-500-250- . The

number of units in the output layer can be inferred directly as it is equal to the

dimensionality of the input.

2.3.1 Training Deep Autoencoders using RBMs

The methodology followed by us for training deep autoencoders is similar to that

introduced by [Hinton and Salakhutdinov, 2006]. We first explain their method

which uses RBMs for pre-training and then describe our framework which uses

autoencoders in place of RBMs. To understand this, let’s assume that the dimen-

sionality of the input is nv and the required network architecture is −n1−n2−n3−.

The training is carried out in 2 phases namely pre-training and fine-tuning as de-

scribed below:

Pre-training: In the beginning, an RBM with n1 hidden units and nv visible

units is trained to model the input distribution. Once this RBM has been trained,

the activations of hidden layer are obtained for the complete data. Thus, for every

example in the dataset, we now have a binary vector with n1 units. This new

dataset of n1 dimensions is now used to train an RBM with n2 hidden units and

n1 visible units. Similarly, after training this second RBM, a new dataset of n2

units is obtained through the its hidden activations which is further used to train

a third RBM with n3 hidden units. This completes the pre-training phase.

Fine-tuning: After the completion of pre-training phase, we have 3 sets of

weights, one for each RBM trained in the pre-training phase. These weights are
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Input L1 L1 L2 L2 L3
W1 W2 W3

Figure 2.2: Pre-training of the autoencoder

used to initialize the first half of a deep autoencoder with the desired architec-

ture. The 2nd half of the autoencoder is initialized with the transposed weights

of the corresponding layer from the first half. That is weights of the connections

between L3 and M2 are initialized by using the transposed weight matrix of the

weights between L2 and L3. Similarly, weights between M2 and M1 are initialized

by transposing the weights between L1 and L2. Further, the weights between M1

and the output layer M0 are initialized by transposing the weights between input

layer and L1. After this initialization is complete, now the network is trained

by the usual backpropagation algorithm ([Rumelhart et al., 1986]) or any of its

variants.

Input L1 L2 L3 M2 M1 M0
W1 W2 W3 W3T W2T W1T

Figure 2.3: Initializing the deep autoencoder
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2.3.2 Training Deep Autoencoders using shallow autoen-

coders

Similar to RBMs, shallow autoencoders can also be used for the pre-training phase.

Shallow autoencoders are also pre-trained in a layer-wise fashion as done above.

First an autoencoder is trained on the original input. After its training is complete,

the hidden activations of the autoencoder are used to obtain a new dataset which

can be used to train successive shallow autoencoders. The fine-tuning proceeds

exactly as with the RBMs.

Though the training procedures for RBMs as well as shallow autoencoders are

similar, but as we show in the beginning of the next chapter, the results obtained

using basic autoencoder or its variants are usually not as good as the results

obtained by using RBMs. Chapter 3 attempts to bridge this gap between the

performance of RBMs and autoencoders by incorporating certain modifications.

2.4 Resources

In this section, we explain the various resources used by us for conducting the

experiments.

2.4.1 Theano

As the neural network algorithms are such that they can be parallelized very

efficiently, the codes were run on a machine with a GPU card. The library used
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for this was theano [Bergstra et al., 2010]1. Theano is a python library, tightly

integrated with numpy, which makes use of symbolic computing and symbolic

differentiation. Theano dynamically generates Cuda code in order to run the

program on GPU.

2.4.2 Machine Specifications

All the codes involving neural networks were run on a 64 bit machine having

AMD Athlon 1.96 GHz dual core processor with Tesla C1060 33 MHz card having

240 cores. The RAM of the system was 2 GB and the memory available on

GPU was 256 MB. Using GPU with the help of Theano provided average speed

gains of 8x-10x. For example, training a deep autoencoder for MNIST data took

approximately 36 hours on the same machine without using GPU and 3 hrs 49

mins on with GPU. In both cases, basic autoencoders were used for pre-training

and the architecture used was -1000-500-250-30- .

2.5 Datasets

We consider 5 datasets for our experiments out of which one is the standard

MNIST dataset of hand-written digits and 4 are synthetic datasets for which the

intrinsic dimensionality is explicitly known though not used much. The datasets

are described below:

1more information about theano is available at http://deeplearning.net/software/theano/
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2.5.1 MNIST

This is one of the most popular datasets in image processing and hand-written

digit classification tasks. It consists of 70,000 binary images of size 28× 28 having

10 different classes each corresponding to a digit from 0-9. The complete data is

split into 3 sets - training set having 50,000 images, validation set having 10,000

images and test set having 10,000 images. The training set is used for training

the networks while the validation set is used to evaluate the performance of the

trained network and to decide the stopping criterion. The performance is reported

by applying the best validation model on the test set. Henceforth, we mention

this split in the form of a tuple like (50,10,10). Sample image from the MNIST

database are given in fig. 2.4

Figure 2.4: Sample images from MNIST Dataset

2.5.2 Square and room

This dataset consists of nearly 100,000 binary images of size 40× 40. Some exam-

ples from the dataset are shown in fig. 2.5. All images contain a 6× 6 size square

and a room like hollow box with total width of 22 pixels and height of 25 pixels.

The thickness of walls of the room is 5 pixels. Different images show the square and

the box in random non-overlapping positions obtained by the translation of the

room and square in horizontal and vertical directions. The training-validation-test

split for the data was (80,10,10).
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Figure 2.5: Square and room Dataset

2.5.3 Big and small digits

This dataset contains 50× 50 binary images of digits from 0-9 in 2 different sizes

referred as big and small. Each image contains only one digit either in small or big

size. The digits are in fixed shapes as they would appear on a digital watch. For

each small digit, there are 1596 images formed by translating the digit in horizontal

and vertical directions. Similarly for each big digit, there are 1008 images. The

training-validation-test split used for this dataset is (80,10,10). Sample images for

this dataset are presented in fig. 2.6.

(a) Big 8 (b) Big 7 (c) Big 1

(d) Small 0 (e) Small 4 (f) Small 5

Figure 2.6: Big and Small Digits Dataset

2.5.4 3d Robot Arm

This dataset contains 10,000 binary images with size 140× 140. The images have

three robotic arms connected as shown in fig. 2.7. Different images in this dataset

consist of the arms placed at different angles. The length of each arm is 40 pixels
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and width is 5 pixels. The three angles deciding the positions of the arms represent

the 3 degrees of freedom. The training-validation-test split used for this dataset

is (80,10,10).

Figure 2.7: Robot Arm 3d Dataset

2.5.5 2d Robot Arm

The images in this dataset are similar to the ones in above mentioned 3d robot

arm dataset except that instead of 3 robot arms, it has just 2 robot arms and

hence only 2 degrees of freedom. The dataset contains 23,968 binary images of

size 100 × 100 pixels. In this dataset, while the first arm is allowed to be in any

position, the 2nd arm was restricted to have an angle between -1050 and 1050 with

0 being taken in the direction of first arm. This was done to avoid any significant

overlap between the 2 arms. Sample images from this dataset are shown in fig.

2.8. The training-validation-test split for this dataset was also kept at (80,10,10).

Figure 2.8: Robot Arm 2d Dataset



Chapter 3

Bridging the gap between RBMs

and Shallow Autoencoders

Till now, we have described how stacked RBMs have been used for pre-training

deep networks used for classification purposes as well as for deep autoencoders used

in dimensionality reduction. For pre-training deep classifiers, the use of stacked

shallow autoencoders has also been studied in considerable depth. However, the

use of shallow autoencoders for pre-training deep autoencoders has not been ex-

plored in detail. In this chapter, we seek to bridge this gap.

3.1 Using Stacked Shallow Autoencoders to ini-

tialize Deep Autoencoders

We first try to evaluate the performance of standard shallow autoencoder models

(described in section 2.1) commonly used for other purposes in the literature.

Experiments were conducted on the MNIST dataset and square and room dataset

23
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using RBMs and these shallow autoencoder models. The network architectures

used for respective datasets are given below:

1. MNIST Dataset: -1000-500-250-30-

2. Square and room Dataset: -2000-400-100-24-4-

The minimum reverse cross-entropy achieved in each case is given in table 3.1.

Model \Dataset MNIST square and room
Basic AE 70.45 46.29
Sparse AE 61.43 39.99
Contractive AE 57.87 32.08
Denoising AE 57.40 31.76
RBM 56.61 24.31

Table 3.1: Reconstruction error with RBM and standard autoencoder models

From the values in table 3.1, it can be seen that though denoising autoencoder and

contractive autoencoder come close to the performance achieved by RBM, there

is still some difference. In terms of time taken for training, the basic autoencoder

trains fastest and contractive autoencoder takes much more time than all other

models. The total time taken for pre-training and fine-tuning different models is

given in table 3.2.

Model \Dataset MNIST square and room
Basic AE 3 hrs 49 mins 4 hrs 25 mins
Sparse AE 4 hrs 20 mins 5 hrs 9 mins
Contractive AE 9 hrs 31 mins 14 hrs 59 mins
Denoising AE 4 hrs 50 mins 5 hrs 47 mins
RBM 5 hrs 05 mins 6 hrs 20 mins

Table 3.2: Training time for RBM and simple stacked autoencoder models on
a 33 MHz tesla C1060 GPU card with 240 cores. For full specifications, kindly

refer section 2.4.

Table 3.2 shows clearly that the time taken for training contractive autoencoders

is greater than twice of that used for almost all other models. This is because of
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the huge computation time incurred in calculating the jacobian matrix1. Given

that the performance of contractive autoencoders for the task of dimensionality

reduction is quite comparable with the denoising autoencoders and the compu-

tation time is considerably high, we have not used contractive autoencoders for

larger datasets and other experiments described in rest of the thesis.

Among the remaining stacked autoencoder models, we see that sparse autoen-

coders with sparsity being enforced on every layer does not work well. However,

as we show in the next sections, by enforcing sparsity on only alternate layers

and putting some restrictions on network architecture, reconstruction performance

comparable to RBMs can be achieved.

3.2 Using sparsity for dimensionality reduction

There is evidence from the work done in signal processing and several related

fields ([Taubock and Hlawatsch, 2008], [Reid, 1982]) that sparsely represented

data is relatively easier to compress. However, most of these works assume a lot

of prior knowledge about the original space as well as higher dimensional space in

which sparse representations of the data are being considered. Taking a relatively

simplistic view of it, we extend this idea for our setting in which we assume

very little or no prior knowledge about the vector spaces in which the data lies

and hypothesize that even in the non-linear dimensionality reduction scenario

encountered in the hidden layers of our network, dimensionality reduction may be

1For more details on the exact algorithm see section 2.1.3 or the original paper by [Rifai et al.,
2011]
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aided if the representation of data is sparse. In order to test the hypothesis, we

conducted a few experiments the results of which indeed support this hypothesis.

We compared the results of 3 strategies for reducing the dimensionality of data.

1. Strategy A: Under this strategy, we used a basic autoencoder (as described

in section 2.1.1) with one hidden layer having Nh < Nv hidden units where

Nv is the number of input dimensions.

2. Strategy B: Under this strategy, we first transform the data into a sparse

representation of the same dimensions using a sparse autoencoder (section

2.1.4), and then feed the representations learnt by the hidden units of the

sparse autoencoder to a similar autoencoder as used in strategy A.

3. Strategy C: Under this strategy, we transform the data to obtain projec-

tions in an Nv dimensional space similar to the one obtained in first step

of strategy B except that we do not enforce sparsity. This step in strategy

C is only to bring the strategies B and C on a similar footing. Similar to

strategies, we now feed these Nv-dimensional representations to the basic

autoencoder with Nh hidden units.

The reconstruction error by employing all the 3 strategies is presented in table

3.3. The data used for this experiment is obtained using hidden activations for 2d

Robot Arm dataset at inter-mediate stages.
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Strategy \Network Architecture Nv = 1000 Nv = 5000 Nv = 100
Nh = 200 Nh = 1000 Nh = 50

Strategy A 241.72 714.91 43.63
Strategy B 198.23 603.51 40.01
Strategy C 235.97 687.23 43.98

Table 3.3: Comparison of the strategy employing sparsity against strategies
using no regularization

3.2.1 Enforcing Sparsity: When and Where ?

Results illustrated in table 3.3 indicate that it may be beneficial from a dimen-

sionality reduction perspective to obtain sparse representations. So, we have two

objectives at hand. Most importantly, we wish to reduce the dimensionality of

data. But in order to reduce the dimensionality, it would be better to first have

the data in a sparse form. The obvious choice in such a scenario is to enforce

sparsity at every successive layer. However, results from our earlier experiments

(table 3.1) indicate that enforcing sparsity on every successive layer does not yield

good results. In particular, during pre-training, it was observed that when the

number of units in the hidden layer is less than the number of units in the input

layer, enforcing sparsity causes suboptimal results. In order to solve this problem

and still make maximal use of sparsity, we break this task into 2 layers. Given an

N-dimensional input, we do not directly go to a lower dimensional representation.

We first add one layer of sparse autoencoder having the same or slightly more

number of hidden units as compared to the input layer and then use a layer of

basic autoencoder having less number of hidden units. The same is represented

pictorially in fig. 3.1. The intuition here is that while attempting to obtain sparse

representations, it is helpful to project data in a slightly higher dimensional space.
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Input L1 L2 L3 L4 M3 M2 M1 M0

Figure 3.1: Implementing alternate sparsity. The extra arrows on L1 and L3
are to indicate that sparsity was enforced on these layers. Please note that size
of Input and L1 have been kept equal. Also, the size of L2 and L3 has been
kept equal. This is to show the constraint required to enforce alternate sparsity

3.2.2 Momentum and Weight Decay for autoencoders

Momentum and Weight Decay are two additional terms that can be used in train-

ing2. They are used to prevent unnecessary oscillations, over-fitting and to speed

up the training. They have been widely used in training RBMs but there use in

training shallow autoencoders has not been seen much.

Mathematically, the momentum term for updating a particular parameter is the

previous update for the same term multiplied by a scalar between 0 and 1. It

is used to prevent oscillations during training by reducing those components of

the present update which are in opposite direction to the previous one and at the

same time reinforcing the updates in the same direction thus increasing the speed

2A useful reference for understanding the importance of momentum and the intricacies of its
implementation is [Sutskever et al., 2013]
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of training. Weight decay term simply keeps reducing the magnitude of weights

by a very small fraction. This mainly helps in avoiding over-fitting.

For adjusting the weights given to both these, we follow the strategies advised in

[Hinton, 2012].

3.2.3 Putting it all together

In order to study the effect of alternate sparsity, momentum and weight decay, we

tested it with all the 5 datasets described in section 2.5. Results for the same are

presented in table 3.4. The network architecture used for each dataset is given

below. The layers for which sparsity was enforced are shown in bold:

1. MNIST: 1000-500-500-250-30-

2. Square and room: 400-400-100-100-24-24-8-4-

3. Big and small digits: 1000-1000-200-200-50-50-25-10

4. Robot Arm 2d: 2000-2000-400-400-100-100-25-25-8-2-

5. Robot Arm 3d: 5000-5000-1000-1000-200-200-40-40-10-3-

Dataset \Paradigm DAE DAE + SAE SAE + RBM
momentum momentum

MNIST 57.80 57.85 57.25 56.95 56.91
Square and room 21.76 20.99 21.58 14.56 15.89
Big and small digits 45.78 45.23 39.85 26.45 29.82
Robot Arm 2d 151.43 140.66 141.88 76.84 82.04
Robot Arm 3d 326.58 320.70 317.84 280.11 290.11

Table 3.4: Reconstruction error using the strategy of alternately sparse layers
against other models

Table 3.4 shows that alternately sparse layers show improvement over denoising

autoencoders. Stabilizing the training with momentum and weight decay further
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improves the performance of alternately sparse model and makes it comparable

with the RBMs.

3.3 Role of network architecture

One of the constraints for implementing alternate layer sparsity is that it places

a restriction on the network architecture as every alternate layer has to be of

the same or more size as compared to the previous one. This is a requirement

for successfully implementing our suggested model but is not required by other

paradigms such as denoising autoencoders or RBMs. It is important to verify if

the performance of these models is influenced in any way by the the constraint on

network architecture.

For this, we compare 3 different types of network architectures on 3 datasets as

mentioned below:

1. Type 1: This is the network architecture compatible with alternate sparsity

and is the same as used for experiments reported in table 3.4

2. Type 2: This is the set of network architectures formed by uniformly re-

ducing the successive layer sizes. Details are as follows:

• Square and room: 400-200-100-50-24-16-8-4-

• Big and small digits: 1000-500-200-100-50-25-10-

• Robot Arm 2d: 2000-1000-400-200-100-50-25-15-8-2-
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3. Type 3: This is the set of network architectures formed by just eliminating

the sparsity layer. Details are as follows:

• Square and room: 400-100-24-8-4-

• Big and small digits: 1000-200-50-25-10-

• Robot Arm 2d: 2000-400-100-25-8-2-

With the above mentioned network architectures, results of experiments with de-

noising autoencoders are reported in table 3.5 and corresponding results for RBM

are in table 3.6.

Dataset \Architecture Type Type 1 Type 2 Type 3 SAE
Square and room 20.99 18.76 35.68 14.56
big and small digits 45.23 35.98 51.64 26.45
Robot Arm 2d 151.43 123.85 242.37 76.84

Table 3.5: Effect of Network architecture on the performance of Denoising
Autoencoders

Dataset \Architecture Type Type 1 Type 2 Type 3 SAE
Square and room 15.89 14.34 24.68 14.56
big and small digits 29.82 27.53 31.64 26.45
Robot Arm 2d 82.04 78.39 89.16 76.84

Table 3.6: Effect of Network architecture on the performance of RBMs

The results shown above reveal that though uniformly reducing the size of layers

improves the performance of both denoising autoencoders as well as RBMs, it

does not improve their performance beyond that achieved by alternately sparse

layers except marginally in one case. Also, the results show that the change in

network architecture affects denoising autoencoder more strongly as compared to
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the RBMs. Reducing the number of layers is seen to affect the performance of

both the models negatively.

3.4 Concluding Remarks

The experiments described in this chapter show that by putting some reason-

able restrictions on the network architecture and by incorporating alternate layer

sparsity, momentum and weight decay in the training procedure for stacked au-

toencoders, their performance can be made comparable with (and in some cases

better than) that of stacked Restricted Boltzmann Machines for the task of finding

good initial weights of deep autoencoders.

Also, it has been shown that denoising autoencoders and RBMs perform slightly

better if the architecture restrictions necessary for implementing alternate layer

sparsity are relaxed. However, this improvement does not yield results better than

the ones achieved by using the alternate sparsity model. Thus, in totality, it seems

beneficial to use the alternate sparsity model over other models considered in this

work.

In the next chapter, we present a relatively more generic technique for improving

the performance of all such models which use stacked modules for finding initial

weights for training deep autoencoders.



Chapter 4

Intermediate Fine-tuning (IFT)

As mentioned in chapter 2, one of the popular reasons cited for the initial failures in

training deep networks is that due to the random initializations and non-convex

nature of the objective function, gradient based iterative optimization methods

used for training neural networks work “well only if the initial weights are close

to a good solution” [Hinton and Salakhutdinov, 2006]. Thus, a lot of work after

2006 has concentrated on finding good initializations for the networks through

stacked RBMs or stacked autoencoders. For pre-training successive layers, these

methods make use of the outputs of previous layers which have already been pre-

trained. It is worth noting that though the previous layers have been pre-trained

for a local objective (reconstruction of the output of layer immediately before

it), however they have not been fine-tuned for the global objective and hence, it is

possible that the output given by the previous layers is not very close to the output

they are likely to produce during or after the global fine-tuning modifies their

weights. Though this effect is relatively insignificant and can be easily neglected

33
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for autoencoders having only 2-3 encoding layers, this effect becomes more relevant

while training very deep autoencoders.

In order to avoid this, we propose that instead of applying a global fine-tuning only

after pre-training all the layers, it should be applied at intermediate steps also after

pre-training every 2-3 layers. We explain different steps of the procedure used by us

in detail in section 4.1. In section 4.2, we present the results of several experiments

conducted by us to understand the benefits of intermediate fine-tuning. More

discussion on the these results and their implications is presented in section 4.3.

4.1 Methodology

We explain the method and different steps involved in the it by taking the case of

2d Robot Arm dataset. We refer to the objective of optimal reconstruction of the

input as the global objective. The network architecture is -2000-500-250-120-60-

30-15-8-2-

Phase 1: The first three layers are pre-trained by training one layer at a time

using the output of the previous hidden layer as input to the next layer. After

pre-training of the first three layers is complete, we make an inverted copy of

the layers in reverse order to form a full autoencoder having six layers i.e. the

network is now a deep autoencoder with the architecture -2000-1000-500-. The

weights in decoding layer are initialized by transposing the weight matrix learnt in

the encoding layers. This deep autoencoder having six layers is now trained with
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the objective of optimally reconstructing the input. Lets denote this 6 layer deep

autoencoder as outer autoencoder.

Input L1 L1 L2 L2 L3
W1 W2 W3

Figure 4.1: Pre-training of the autoencoder in Phase 1

Input L1 L2 L3 M2 M1 M0
W1 W2 W3 W3T + ε W2T + ε W1T + ε

Figure 4.2: Outer Autoencoder in Phase 1

Phase 2: After the fine-tuning for outer autoencoder is complete, the encoding of

the dataset in 500 units per input sample is obtained by a forward pass of the data

through the network only till the third layer having 500 units. For some time, let’s

assume that the task at hand is only to find the weights which can reconstruct this

500 unit input optimally with the successive hidden layer sizes being fixed at 250

and 120 respectively. We call this our local objective. We proceed in exactly the

same manner as we did for the global objective and first pre-train the two layers

in a greedy layer-wise manner, then invert them and fine-tune the whole network

having four layers for the local objective. We term this smaller four layer deep

autoencoder having the layer sizes as -250-120- as inner autoencoder.
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L3 L4 L4 L5
W4 W5

Figure 4.3: Pretraining of the autoencoder in Phase 2

L3 L4 L5 M4 M3
W4 W5 W5T + ε W4T + ε

Figure 4.4: Inner Autoencoder in Phase 2

Phase 3: In the next step, we initialize a 10 layer deep autoencoder having the

layer sizes as -2000-1000-500-250-120-. The weights in these layers are initialized

at the values taken from outer and inner autoencoders which have been trained

in phase 1 and phase 2. This joining of the two networks can be understood as

splitting the outer autoencoder into half and then inserting the inner autoencoder

at the middle from where the outer autoencoder has been split. The layers in

the final deep autoencoder belonging to the inner and outer autoencoders have

been shown by different bounding boxes in fig 4.5. Now, this complete 10 layer

autoencoder is trained on the global objective of optimally reconstructing the

original input.

For the next steps, this 10 layer deep autoencoder takes the role of outer autoen-

coder using which a 120 dimensional dataset is formed and an inner autoencoder is
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Input L1 L2 L3 L4 L5 M4 M3 M2 M1 M0

first half of outer autoencoder

inner autoencoder

second half of outer autoencoder

Figure 4.5: Deep Autoencoder formed by joining Outer Autoencoder and
Inner Autoencoder in Phase 3

again trained for the objective of optimally reconstructing this 120 dimension in-

put. This process continues till the desired network architecture has been achieved.

At this point, we wish to explain a seemingly similar approach used in [Jain and

Seung, 2008] who also use a global reconstruction criterion while incrementing the

layers but as we shall explain, their network architecture and training approach is

still very different owing to the different requirements of their task. The network

used by them has 5-6 convolutional layers, all of the same size, besides a fully

connected final decoding layer which gives the output. The network is designed

to recover the original image from a partially corrupted image. They start with

just one hidden layer and train the weights to optimally reconstruct the original

input in a similar fashion as denoising autoencoder (2.1.2) though the architecture

of their encoding layer and the final objective is slightly different. After training

with one hidden layer is complete, another hidden layer is added between the first

hidden layer and the decoding layer(see fig. 4.6). Also, the weights in the decoding

layer learnt earlier are discarded. Similarly, the process continues by adding one
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layer at a time till the final required architecture is achieved. In this process, at

the addition of every new layer, the two new sets of weights which are being tuned

are always adjacent to layer from which backpropagation of error starts and thus,

the problem of vanishing gradients does not surface.

Input L1 Output

Input L1 L2 Output

Input L1 L2 L3 Output

1st Hidden Layer

step 1: training with 1 hidden layer

New Layer

step 2: training after adding 2nd hidden layer

New Layer

step 3: training after adding 3rd hidden layer

Figure 4.6: Training of the autoencoder for image denoising with procedure
used in [Jain and Seung, 2008]



Intermediate Fine-tuning 39

As opposed to this inherent proximity of the new weights with output of the image

denoising network, our method introduces two hidden layers at a time and both

of these layers come up in the middle of the network which in our case can be

very far from the final layer (network output) from which the error has to back-

propagate. So, we first pre-train the newly introduced layers on the local criterion

of reconstructing the output of first half of the network learnt till now and then

fine-tune the whole network for the global reconstruction task.

In the next section, we present some experiments, the results of which show that

intermediate fine-tuning indeed helps in improving reconstruction performance of

the networks.

4.2 Experiments and Results

We conducted experiments on all 5 datasets described in section 2.5 and report

the minimum reverse cross-entropy achieved in each case with and without using

intermediate fine-tuning.

The different pre-training models used and the notation used for them are given

below:

1. BAE: Basic Autoencoders

2. DAE: Denoising Autoencoders

3. SAE: Autoencoders with sparsity enforced on only alternate layers in accor-
dance with the strategy advocated in chapter 3

4. RBM: Restricted Boltzmann Machines
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The architecture used for different datasets is given along with the results for each

one of them. In all the below mentioned deep autoencoders, activation function

for all layers is sigmoid except for the middle layer which has linear activations.

For example, for the case of MNIST, the layer with size 30 has linear activation.

MNIST: The architecture used was -1000-500-500-250-30- . The results are dis-

played in fig. 4.7

Figure 4.7: Reconstruction performance with and without IFT for MNIST
dataset

Square and room: The architecture used was -400-400-100-100-24-24-4- . The

results are displayed in fig. 4.8

Big and small digits: The architecture used was -1000-1000-200-200-50-50-25-

10- . The results are displayed in fig. 4.9

2d robot arm: The architecture used was -2000-2000-400-400-100-100-25-25-8-2-

. The results are displayed in fig. 4.10
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Figure 4.8: Reconstruction performance with and without IFT for square and
room dataset

Figure 4.9: Reconstruction performance with and without IFT for big and
small digits dataset

3d robot arm: The architecture used was -5000-5000-1000-1000-200-200-40-40-

10-3- . The results are displayed in fig. 4.11

The above mentioned results clearly show that intermediate fine-tuning improves
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Figure 4.10: Reconstruction performance with and without IFT for 2d robot
arm dataset

the reconstruction performance of all the models under consideration. Through

this, we achieve better results as compared to the results achieved using RBMs

without intermediate fine-tuning which is the method described in [Hinton and

Salakhutdinov, 2006]. On MNIST dataset, the network using RBMs for pre-

training perform better while for three out of the remaining four datasets, networks

with alternately sparse layers perform better. On square and room dataset, though

the performance with stacked RBMs is better than the one with alternately sparse

layers but the difference is negligible.

It can be seen that the benefits derived from intermediate fine-tuning become more

significant in autoencoders having more layers as compared to the ones having

lesser layers. In order to study this effect in detail, we conducted two sets of

experiments on the Robot arm datasets with 2 degrees of freedom. In one set,

we pre-train the model by incrementally stacking layers without any intermediate
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Figure 4.11: Reconstruction performance with and without IFT for 3d robot
arm dataset

fine-tuning till a particular layer (referred as checkpoints below) and then fine-

tune the network by inverting the layers as per the procedure used in [Hinton

and Salakhutdinov, 2006]. In the second set, we perform the same steps as above

except that we also fine-tune the network at all intermediate checkpoints prior

to the checkpoint under consideration. In fig. 4.12, we report the difference in

minimum reconstruction error achieved for both sets of experiments. Individual

reconstruction errors are reported in table 4.1. More information relevant to the

experiments is presented below:

• Strategy used: Alternately Sparse Layers as suggested in chapter 3

• Network Architecture for 2d dataset: 2000-2000-400-400-100-100-25-
25-8-2 and reverse

• Checkpoints for 2d dataset: layer numbers 3, 5, 7, 9, 10
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Checkpoints \Sets Set 1 Set 2
layer 3 (400 units) 20.95 20.95
layer 5 (100 units) 14.56 12.71
layer 7 (25 units) 21.01 17.36
layer 9 (8 units) 29.73 24.68
layer 10 (2 units) 76.84 61.32

Table 4.1: Reconstruction error at different stages of training the autoencoder
for 2d Robot Arm set with and without using IFT

It can be seen in table 4.1 that there is a notable increase in the reconstruction

error as we go deeper but in this case the increase is not due to the increase in

depth. It is attributed mainly to the reduction in the number of units being used

to encode the data.

Figure 4.12: Reconstruction error at different stages of training the autoen-
coder for 2d Robot Arm set with and without using IFT

As the above results show, the difference in the results obtained with and without

using inter-mediate fine-tuning becomes more and more significant as the depth

increases.

The above mentioned results are all in terms of reverse cross-entropy. In order to

see if this network is able to serve the purpose for out-of-sample reconstruction and

other similar tasks, we reconstructed some images from the test set of 2d robot

arm. The reconstructed images using alternately sparse layers with inter-mediate
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fine-tuning are shown in fig. 4.13. It can be seen clearly that the reconstructed

images are very similar to the original images and it is almost impossible to tell

the difference by just looking at them.

Figure 4.13: Reconstructed test images: Top row shows original images and
bottom row shows reconstructions obtained from the trained network

More discussion on various aspects of intermediate fine-tuning, specially those

related to training time, is presented in the next section.

4.3 Discussion

Taking a look at the results presented in the above section makes it clear that the

performance of the models in terms of re-generation of the original input from the

reduced space is significantly improved by using inter-mediate fine-tuning.

In terms of the time taken for pre-training and fine-tuning the models, the time

taken in inter-mediate fine-tuning steps is compensated as the number of iterations

required to fine-tune the model in final stage is much less as compared to the
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autoencoders fine-tuned only at the end. For example, for training the autoencoder

on 2d robot arm dataset using alternately sparse layers, it takes nearly 3 hours to

pre-train without inter-mediate fine-tuning and approximately 9 hours to fine-tune.

With intermediate fine-tuning, it takes a little more than 8.5 hours to complete

the pre-training but less than 2 hours to fine-tune the final model. The exact times

are reported in table 4.2. Machine specifications used for the experiment are given

section 2.4.

Method \Time Taken without IFT with IFT
BAE 7 hrs 37 mins 9 hrs 21 min
DAE 12 hrs 51 mins 12 hrs 32 mins
SAE 11 hrs 54 mins 11 hrs 23 mins
RBM 13 hrs 47 mins 13 hrs 27 mins

Table 4.2: Time Taken in training with and without IFT on a machine using
a 33 MHz Tesla C1060 GPU card with 240 cores

For the experiments reported above, we perform inter-mediate fine-tuning after

every 2 layers. Another possibility is to perform this inter-mediate fine-tune after

every layer. We have not done this because preliminary experiments with such a

strategy showed negligible or no improvements in terms of performance whereas

training time increased significantly. One more possibility is to fine-tune after

every three layers instead of two layers. Though this reduces the training time,

but we did not pursue this further as the initial experiments revealed that the

reconstruction performance was being compromised.

There are several other possibilities in terms of network architectures and other

parameters which have not been pursued in this work and may be taken up as

future work based on this thesis. Several such possibilities are briefed about in

the next chapter which also presents some concluding remarks on this work.



Chapter 5

Conclusion and Future Work

In this work, we presented two new techniques for improving dimensionality re-

duction by deep autoencoders. We demonstrated that for pre-training deep au-

toencoders, the performance of stacked Restricted Boltzmann Machines was better

than most deterministic models considered in this work. However, with alternate

sparsity, as explained in chapter 3, pre-training with stacked shallow autoencoders

provided better reconstruction performance as compared to the ones using stacked

RBMs.

Inter-mediate fine-tuning was introduced as a generic technique for improving the

performance of both deterministic models and RBMs. Given any type of stackable

module for pre-training and irrespective of the architecture used, inter-mediate

fine-tuning improved the results. The improvement in performance was more

significant for autoencoders having more layers as compared to the ones having

lesser layers. For less than three layers, the benefits were negligible.

47
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Despite the above mentioned advances made in using sparsity for deep autoen-

coders for dimensionality reduction, a lot remains to be explored. An in-depth

analysis and mathematical formulation of how sparsity is aiding dimensionality

reduction can be an interesting theme. Also, it needs to be seen if it is possible to

remove the architectural constraints required for enforcing alternate layer sparsity

and still obtain similar benefits.

Different regularization strategies which can benefit from such an alternate for-

mulation can be explored. There have been some attempts to combine different

regularization strategies for autoencoders but the results reported are not very

encouraging. One such example is the work of [Chen et al., 2013] where an at-

tempt has been made to combine denoising criterion with regularization as used

in contractive autoencoders. However, most such works use both strategies on all

layers. It may be interesting to find out which strategies can complement each

other the way sparsity and bottleneck constraints have done in our work.

As deep autoencoders are able to find an explicit mapping between the original

higher dimensional space and the reduced space, applications requiring out-of-

sample extensions and out-of-sample reconstructions can benefit a lot from the

improved performance. This can be particularly helpful in robot motion planning.

One such example is with the Robot Arm datasets where several configurations

may be unachievable due to obstacles.

We have explored some variants of shallow autoencoders in this work. Similarly,
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many variants of RBMs have also been proposed in literature. It may be worth-

while to explore if alternate layer strategies can be beneficial for some RBM vari-

ants too. The applicability of alternate sparsity for deep classifier networks can

also be explored in future works based on this thesis.
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