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Abstract— This paper presents the revolutionary technique of 

learning called popularly as deep learning .Its much efficient 

as it operates with an ease not present in other learning 

techniques in artificial intelligence domain. This paper 

introduces the operating basics of deep learning followed by 

the inherent design principles. In deep networks the approach 

used is greedy as well as it is taken care that the possible 

solutions are not hidden in multiple layers of the deep 

network. This paper also discusses the challenges lying 

ahead in this field which are countered by progress in deep 

network architectures drawing motivation from concepts of 

linear factor models, auto encoders, deep generative models, 

deep belief networks, Boltzmann machines. 
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I. INTRODUCTION 

Deep learning is a powerful supervised learning technique. 

In the conventional neural network, a deep network is 

represented by addition of more layers as well as more units 

within a layer. Given large data sets for training, deep 

learning networks an effortlessly map the input vector with 

output vector. DL had applications in the area of computer 

vision, speech recognition, and natural language processing 

along with few applications used in commercial interest. 

Deep learning requires high performance software, hardware 

infrastructure. Specialized GPU’S are being used to design 

efficient neural networks. 

II. INHERENT PRINCIPLES USED IN DESIGN OF DEEP 

LEARNING NETWORKS 

Any deep learning networks have common design 

principles, like multiple layers of non-linear processing units 

followed by the supervised or unsupervised learning of 

feature representation in each layer. Yet another unique 

design principle is that the actual composition of a layer of 

non-linear processing units used is problem dependant. 

These layers also include propositional-formulas. In addition 

the latent variables used in the layers are capable of 

generating models like deep belief networks and deep 

Boltzmann machines. A chain of transformations from input 

to output layer happens based on credit-assignment path 

(CAP). But we need to mention that in recurrent neural 

networks, the CAP is not having any specified length. Deep 

learning uses the hierarchical model of abstraction. A 

famous design principle used is greedy layer by layer 

method. In case of supervised learning activities, deep 

learning methods get motivation from feature engineering 

by translating the data into compact intermediate 

representations and thus obtain layered structures which 

remove redundancy in representation. 

The main challenges while designing the DNN’s is 

that if they are naively trained, we face issues of over fitting 

and computation time over fitting happens because of 

addition of layers of abstraction. Consequently to combat 

such issues regularisation strategies like weight decay (or) 

sparsity are applied during training. 

Back propagation techniques or gradient descent 

techniques are easy but expensive for DNN’s. There are 

many training parameters attached to a DNN while 

designing, like no. of layers units per layer, learning rate, 

initial weights. Searching for optimal parameters may not be 

feasible due to cost in time as well as computational 

resources. Mechanism like mini-batching are extensively 

used which are well-suited for GPU’s. 

III. RESEARCH FRONTIERS IN DEEP LEARNING NETWORKS 

This section discusses regarding the following hotspots in 

AI which have the ability to turn on the progress of Deep 

learning networks to a higher level which was never 

imagined in human intelligence era: 

1) Linear Factor models 

2) Auto encoders 

3) Representation Learning 

4) Approximate Inference 

5) Deep Generative models 

Now we throw a light on each of the above 

mentioned to illustrate the impact they would have in future. 

A. Linear Factor models 

It’s probabilistic in nature. Given a variable x in 

environment it can predict a hidden variable h. such models 

can be used for representation-learning in deep feed forward 

as well as recurrent networks. The linear factor models can 

derive deep probabilistic models. A linear factor model 

generates a function, p(x) which is obtained by adding noise 

to a linear transformation of h. The mathematical 

representation is shown as below: 

X = w h + b + noise                    (1) 

Where b is bias to the network. 

The model can deterministically generate x=wh.If 

we perform non linear change of variables to determine 

p(x), learning proceeds using maximum likelihood. We try 

to choose p (h) to be independent, so as to recover the lower 

level signals that have been mixed together. There are 

variants of linear factor model like slow feature analysis & 

sparse coding. In slow feature analysis model information is 

gathered from time signals are used to learn invariant 

features. In this technique the slowness principle works on 

slowness features. 

It refers to that the important characteristics of 

scenes change very slowly compared to the individual pixel 

values can change very rapidly. Using this technique we can 

make our model learn features that change slowly over time. 

The below equation represents the mathematical expression 

for this SFA: 
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λ ∑ L ( f(x(t+1)), f(x(t)) )                  (2) 

Where  𝜆 is hyper parameter finding strength of 

slowness regularization 

t is index into a time sequence. 

f is feature extractor to be regularised. 

L is loss function measuring distance between  f( 

x(t+1))  & f(x(t)). 

1) Sparse coding 

It’s unsupervised feature learning technique. Here training 

alternates between encoding the data and training the 

decoder to better reconstruct the data given the encoding. 

Alternation is done by performing minimisation w r t h & 

maximisation w r t W. This technique minimises 

reconstruction error and log prior better than any specific 

parametric encoder. A parametric encoder must learn how to 

map x to h in a way that generalises. 

2) Auto encoders: 

They are a type of NN which are trained to copy its input to 

its output. The network had 2 parts: 

 Encoder  

 Decoder 

The function encoder is h=f(x) & decoder function 

is r=g (h). The auto encoder is trained to copy not perfectly 

but only approximately. As the model is forced to make 

priority about aspects of input which should be copied, so it 

easily learns the properties of the data. An auto encoder 

whose code dimension is less than the input dimension is 

called under complete. The learning process is represented 

by L(x,g(f(x)) where  L  is a loss function penalising g(f(x)) 

for being dissimilar from x, such as the mean squared error. 

In case the auto encoders have code dimension less 

than the input dimension, most salient features of the data 

distribution can be done. In addition we can deploy sparse 

auto encoder whose mathematical form is as stated below: 

L(x, g (f(x)) +  Ω(h)                 (3) 

Where g (h) is the decoder output & we have 

h=f(x), the encoder output and Ω(h) is sparsity penalty. 

Generally these auto encoders are used for classification. 

While training they learn useful features as a by product. 

Other auto encoder models include Denoising auto encoders 

which minimises L(x, g (f (x̅))), where x̅ is a copy of x that 

has been corrupted by some form of noise. 

3) Representation learning: 

It means learning representation of the data that make it 

easier to extract useful information when building classifier 

(or) other predicators. This is widely used in speech 

recognition, object recognition, natural language processing 

etc, 

For good representation we can use greedy layer-

wise unsupervised pre-training. It uses a single layer 

representation learning algorithm, a single layer auto 

encoder, a sparse coding model. It is greedy because it 

optimises each piece of the solution independently, one 

piece at a time, rather than jointly optimising all pieces. It is 

called layer wise as because these independent pieces are the 

layers of the network. It is called unsupervised because each 

layer is trained with an unsupervised representation learning 

algorithm. It is also called pre-training because it is 

supposed to be only a first step before a joint training 

algorithm is applied to fine tune all the layers together. In 

good high level representations, the factors are related to 

each other through simple dependencies. The simplest 

possible is marginal 

Independence, p(h) –π p(hi),  but linear 

dependencies (or) those captured by a shallow auto encoder 

are also reasonable assumptions. 

4) Approximate Inference 

It refers to learning realistic models from data by trading off 

computation time for accuracy, when exact learning and 

inference are computationally intractable. The major classes 

in this area include Bayesian methods, expectation 

propagation, Markova randome fields & belief propagation. 

In this technique there is no need to construct explicit 

technique there is no need to construct explicit targets for 

the inference network. Instead, the inference networks are 

simply used to define L & then the parameters of the 

inference network are adapted to increase L. 

5) Deep Generative Models 

They represent models of probabilistic distributions over 

multiple variables which can be evaluated explicitly. 

Following models represent the current class of deep 

generative models. 

 Boltzmann Machines 

 Restricted Boltzmann Machines 

 Deep Belief Networks 

 Deep Boltzmann Machines 

In all above models, answers are provided too 

many inference problems about the relationships between 

input-variables in x & can provide many different ways of 

representing x by taking expectations of h at different layers 

of the hierarchy. The research issue here is comparing the 4 

models and researchers often evaluate generative models by 

visually inspecting the samples. But it’s also an unreliable 

way so evolution of the log likelihood, that the model 

assigns to the test data, when it’s computationally feasible. 

IV. CONCLUSION 

We observe the potential of deep networks in the vast AI 

world. Deep learning is suitable for supervised as well as 

unsupervised learning. We conclude this paper by stating 

that in future deep networks will consider the energy to send 

signals between the layers. Human brains are capable of 

minimizing such computational costs during problem 

solving in at least two ways. Firstly at a given time, only a 

negligible fraction of all neurons is active due to fact that 

local competition through winner-take-all mechanisms shuts 

down many neighbouring neurons, and only winners can 

activate other neurons through outgoing connections. 

Secondly, numerous neurons are sparsely connected in a 

compact 3D volume by multiple short-range and few long-

range connections. Often neighbouring neurons are allocated 

to solve a single task, thus reducing communication costs. 
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