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ABSTRACT

Everyday social and commercial activities are aided by artificial intelligence (AI), a crucial piece of technology. It helps alleviate
a lot of societal issues while also making a significant contribution to Japan’s economy’s long-term prosperity. Artificial intelli-
gence (Al) has been a hot topic in the last few years, with both developed and emerging nations seeing it as a potential economic
driver. New forms of artificial intelligence (Al) in ICT and RT have received the bulk of the research and development efforts.
New artificial intelligence systems do a great job at identifying patterns, but they still have a long way to go. In addition to being
extremely complex and reliant on massive data, the majority of ICT models do not have a self-idea function. This paper’s focus
is on creating a new notion of general-purpose intelligence cognition technology, dubbed “Beyond AL as opposed to only
creating Al for the future generation. Our focus is on creating a “Brain Intelligence (BI)” model of intelligent learning that can
use an imagine function to conjure up novel interpretations of occurrences even when its developers lack first-hand knowledge
with them. Additionally, we will showcase the created BI intelligence learning model using autonomous vehicles, precise health-

care, and industrial robots.
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INTRODUCTION

subfield of Al, machine learning enables systems to gain in-

formation and understanding automatically, without human
intervention or programming. Preparing for data characteristics
and patterns, leading to improved future findings and decisions,
begins with observations, such as first-hand experiences. Machine
learning techniques that model data at a high level using several
nonlinear regressions are the backbone of deep learning. trans-
formations. The ANN system is the foundation of deep learning
technology. The effectiveness of training processes may be en-
hanced by continually expanding the quantities of data, and these
ANN s constantly adopt learning methods. Greater data quantities
are necessary for efficiency. As the neural network’s level grows
during training, the process is referred to as deep learning. There
are two main parts of deep learning, and they are the training and
inferring phases, without which the process would not function.
Both the training and inferring phases involve labeling and deter-
mining the matching properties of massive volumes of data.issues
with drawing judgments and classifying novel, undiscovered infor-
mation based on what they already know. One method that allows

systems to comprehend complicated perceptual tasks with utmost
precision is deep-learning. Hierarchical learning, deep structured
learning, and multi-layer deep learning all use nonlinear processing
units to convert data and extract features.

layer receives as input the output of the preceding layer. Using differ-
ent levels of representation and diverse stages of abstraction, learn-
ing may occur in either a supervised or unsupervised manner. An
essential computational unit in deep learning or a deep neural net-
work is the neuron, which receives input from a variety of signals. It
transfers the combined signals across the nonlinear tasks to generate
outputs, after linearly integrating them with the weight.

The word “deep” refers to the many levels of processing that are
used in the “deep learning” approach to data transformation. A key
component of these systems is the depth of the credit assignment
path (CAP), which denotes the number of steps involved in convert-
ing inputs to outputs and stands for the impulsive link between the
input and output layers. Keep in mind that deep learning and rep-
resentational learning are not the same thing, A collection of tech-
niques that aid machines in taking raw data as input and determining
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representations for detection and classification purposes is known as
representational learning. Purely speaking, deep learning approaches
are a form of learning method that operates at a higher abstract
level and employs several layers of representation. The distinctions
between deep learning and machine learning are shown in Figure 1.

In order to make advantage of massive datasets, deep learning meth-
ods use nonlinear transformations and abstract models at a high lev-
el. Additionally, it explains how a machine takes in the representa-
tions and abstractions from one layer and uses them to change its
internal attributes, which are needed to list the descriptions in each
tier. Adaptive testing, big data, cancer detection, data flow, health-
care, object detection, object classification, speech recognition, im-
age classification, natural language processing, and voice activity de-
tection are some of the many areas that make extensive use of this
innovative learning approach.

In order to discover a wide range of applications, the deep learning
patradigm first employs large amounts of ground truth-designed data
to identify unique features and combinations of characteristics. It
next builds an integrated model for feature extraction and classifi-
cation. One important feature of deep learning is that it may infor-
mation that does not need the involvement of human engineers and
makes use of general purpose procedures with a variety of substan-
tial characteristics. For the putpose of cleaning out spam communi-
cations and classifying massive amounts of data, Facebook has also
developed Deep Text.

The fundamental principles of deep learning technique are:
Nonlinear processing in multiple layers or stages.

. Supervised or unsupervised learning.

Nonlinear processing in multiple layers refers to a hierar- chical
method in which the present layer accepts the results from the pre-
vious layer and passes its output as input to the next layer. Hierar-
chy is established among layers so as to organize the importance
of the data. Here supervised and unsupervised learning are linked
to the class target label. Its availability means a supervised system
and absence indi- cates an unsupervised system. Soniya et al. [56]
presented current trends, models, architecture and the limitations of
deep learning, They explored some of the characteristics like learn-
ing techniques, optimization methods and tuning of these models.
They also focused on the use of large datasets for the deep learning.
They also discussed the challenges for the deep learning.

2 Basic Architectures of Deep Neural Network (DNN)

Different names for deep learning architectures embrace deep be-
lief networks, recurrent neural networks and deep neural networks.
DNN can be constructed by adding mul- tiple layers which are
hidden layers in between the input layers and the output layers of
Artificial Neural Network with various topologies. The deep neu-
ral network can model convoluted and non-linear relationships and
generates mod- els in which the object is treated as a layered config-
uration of primitives. These are such feed forward networks which
have no looping and the flow of data is from the input layer to the

output layer. There are wide varieties of architectures and algorithms
that are helpful in implementing the concept

Table 1 Years with the usage of architectures of deep learning Year
Architecture of deep learning

1990-1995 Recurrent neural network

1995-2000 Long short term memory, convolutional neural network
2000-2005 Long short term memory, convolutional neural network
2005-2010 Deep belief network

2010-2017 Deep stacked network, gated recurrent unit of deep
learning, Table 1 depicts the year wise distribution in the architecture
of deep learning.

Here, we will discuss six basic types of the deep learning architec-
tures and these are:-

. Auto-Encoder (AE)

. Convolutional Neural Network (CNN)
. Restricted Boltzmann Machine (RBM)
. Deep Stacking Network (DSN)

. Long Shott Term Memory (LSTM)/Gated Recutrent Unit
(GRU) Network
. Recurrent Neural Network (RNN)

Out of these, LSTM and CNN are two of the fundamental and the
most commonly used approaches.

2.1 Auto-Encoder (AE)

An Auto-encoder (AE) is a type of neural network which is based on
unsupervised learning technique and uses the back propagation al-
gorithm. The network first sets the target result values to be equal to
the input values. The network tries to understand an approximation
which is equivalent to the identity function. Its architecture consists
of three lay- ers which are an input, a hidden called encoding lay-
et, and a decoding layer. The network tries to reconstruct its input,
which forces the hidden layer to learn the best representa- tions of
the input. The hidden layer is used to describe a code which helps to
represent the input. Auto-encoders ate neural networks, but they are
also closely related to PCA (Principal Component Analysis).

Some Key Facts about the Auto-encoder are:-

. Auto-encodets are neural network.

. Auto-encoders are based on the unsupervised machine
learning algorithm.

. These are closely resembled with the Principal Compo-
nent Analysis (PCA).

. It is more flexible than the PCA.

. It minimizes the same objective function as PCA

. The neural network’s target output is its input

Although Auto-encoders ate same as PCA, but the flex- ibility of
auto-encoder is quite high. Auto-encoders allow the representation
in both linear and non-linear way in the encoding whereas linear
transformation is possible in PCA. Due to the network representa-
tion, Auto-encoders can be stacked and layered to produce a deep
learning network.

Following are the types of Auto-encoders:
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1. De-noising Auto-encoder: It is an advanced version of ba-
sic auto-encoders. To addresses the identity functions, these encod-
ers corrupt the input and afterwards, recon- struct them. It is also
called the stochastic version of the auto-encoders.

2. Sparse Auto-encoder: These auto-encoders have the learn-
ing methods that automatically extract the features from the unlabe-
led data. Here the word sparse indicates that hidden units are allowed
to fire only for the certain type of inputs and not too frequently.

3. Variational Auto-Encoder (VAE): The vatiational auto- en-
coder consists of an encoder, decoder and aloss func- tion. They are
used for the designing of the complex models of the data that too
with large datasets. It is also known as high resolution network.

4. Contractive Auto-encoder (CAE): These are robust net-
works as de-noising auto-encoders but the difference is that the con-
tractive auto-encoders generate robust- ness in the networks through
encoder function whereas de-noising auto-encoders work with the
reconstruction process.

Auto-encoders are used to operate with high dimensional data
and explains the representation of a set of data via dimensionali-
ty reduction. Auto-encoder (AE) uses mainly two structures, called,
De-noising Auto-encoder and Sparse Auto-encoder. For De-nois-
ing Auto-encoder, it uses data from noise to experience the network
weight and for Sparse Auto-encoder, they bound the activation state
of hidden units. Working of an Auto-encoder considers the input
and afterwards maps it to an inherent transformation with the help
of nonlinear mapping.

22 Convolutional Neural Network (CNN)

CNN is a neural network with multiple layers and is based on the
animal visual cortex. The first CNN was developed by LeCun et
al. [27]. Application areas of CNN include mainly image-processing
and handwritten character recognition e.g. postal code interpreta-
tion. Considering the architecture, ear- lier layers are used for identi-
fying the features such as edges and the later layers are used for the
recombination of features to form high level attributes of the input
followed by the classification. Then pooling will be done, which mit-
igates the dimensionality of the extracted features.

The next step is to perform convolution and then again pooling,
that is fed into a perfectly linked multilayer percep- tron. Responsi-
bility of the concluding layer called an output layer is to recognize
the features of the image by using back- propagation algorithms. In
CNN, the advantage of deep lay- ers of processing, convolutional
layer, pooling, and a fully connected classification layer reveals var-
ious applications such as speech recognition, medical applications,
video rec- ognition and various tasks of natural language processing;
CNN produces better accuracy and improves the perfor- mance of
the system due to its exclusive features such as local connectivity and
shared weights. It works much better than any other deep learning
methods. It is the most com- monly used atrchitecture as compared
to others. Figure 2 depicts the working of CNN with the flow of
data from the inputs, convolutional, pooling layers, hidden layers and
the outputs.

2.3 Restricted Boltzmann Machines and Deep Belief Network

Restricted Boltzmann Machine (RBM) is such an undirected graph-

ical and modeled representation of the hidden layer, a visible layer
and the symmetric connection between the layers. In RBM, there is
no connection in between an input and the hidden layer. The deep
belief network represents multilayer network architecture that in-
corporates a novel training method with many hidden layers. Here
every pair of connected layers is a RBM and is also known as a stack
of restricted Boltzmann machines. The input layer constitutes the
basic sensory input, and the hidden layer characterizing the abstract
description of this input. The job of the output layer is to only per-
form the network classification.

The training part is done in two stages: Unsupervised pre training
and supervised fine-tuning. In unsupervised pre training, from the
first hidden layer, RBM is skilled to recon- struct its input. The next
RBM is qualified similar to the first one, and the first hidden layer is
taken as the input and visible layer, and the RBM is worked by taking
the outputs from the first hidden layer. Hence, every layer is pre
skilled or pre-trained. Now when the pre training is completed, steps
of supervised fine-tuning start. In this step, the nodes representing
the output are marked with the values or labels so that they can help
in the learning process and later on full network training is done with
the gradient descent learning or back-propagation algorithm.

2.4 Deep Stacking Networks

Deep Stacking Networks (DSN) is also acknowledged as deep con-
vex networks. DSN is different from other tradi- tional deep learning
structures. It is called deep because of the fact that it contains a
large number of deep individual networks where each network has
its own hidden layers.

The DSN believes that training is not a particular and isolated prob-
lem, but it holds the combination of individual training problems.
The DSN is made up of a combination of modules which are part
of the network and present in the architecture. There are three
modules that work for the DSN. Here every module in the model
is having an input zone, a single hidden zone and an output zone.
Subroutines are placed one over the top of another with the input
to the The second gate called forgets port controls and is used when
an existing piece of information is forgotten and helps the cell to
memorize the new data.

The job of the output gate is again to control the informa- tion that
is present in the cell and is used as the output of the cell.

The weight of the cell can be used for the controlling purpose.
There is a need for the training method which is commonly called
as Back propagation through time (BPTT) that enhances the weight.
The method requires network out- put error for the optimization.
The Gated Recurrent Unit (GRU) includes two gates called as an up-
date gate and a reset gate. Responsibility of an update gate is to tell
the requirement of the contents of the previous cell for the main-
tenance. The reset gate describes the carrying process of previous
cell contents with the new input. The GRU represents a standard
RNN by initializing the reset gate to 1 and update gate to 0. Working
capability of GRU model is simple as compared to the LSTM. It can
be skilled in a short time and it is considered to be more efficient in
terms of its execution.

2.6 Recurrent Neural Network
every module is taken as the outputs of the preceding layer and the
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authentic input vector. Figure 3 depicts the process of working of
the layers that helps to resolve the complex classifications. In DSN,
every module is trained in isolation so as to make it productive and
competent with the ability to work in coordination. The process of
supervised method of training is practiced as the back-propagation
for each mod- ule and not for the entire network. DSNs works su-
perior than typical DBNs making it suitable and accepted network
architecture.

2.5 LSTM/GRU Network

The Long Short Term Memory (LSTM) was designed with the
efforts of Hochreiter and Schimdhuber, and used for many appli-
cations. IBM selected LSTMs mainly for speech recognition. The
LSTM uses a memory unit called a cell which can hold its value for a
sufficient time and treats it as a function of its input. This helps the
unit to memorize the last calculated value.

The memory unit or a cell is made up of three ports called gates,
which control the movement of information in the unit, i.e. into the
cell and out of the cell.

. The input port or the gate manages flow of new informa-
tion into the memory.

RNN consists of a rich set of architecture and is the basic network
architecture. The important characteristic of a recurrent network is
that the recurrent network has a connec- tion that can be given as
feedback into ptior layers as com- pared to the complete feed-for-
ward connections. It takes the previous memory of input and models
the problems within time. These networks can be upgraded, skilled
and expanded with standard back-propagation called as back-propa-
gation through time (BPTT). Table 2, describes the various applica-
tion areas of different architecture of deep neural networks.

3 Advanced Architectures of Deep Neural Network

Owing to many flexibilities provided by the neural network, deep
neural network can be expressed by a diverse set of models. These
architectures are called deep models and consist of:

. AlexNet The net is named for the researchers. It was
the earliest deep learning architecture and was developed by Alex
Krizhevsky, Geoffrey Hinton and his colleagues, who gave ground
breaking research in deep learning, The architecture consists of the
convolutional layers and the pooling layers which are stacked on one
another and then followed by completely intetlinked layers on the
top. The benefits and superiority lie in the fact that the scalability
Table 2 Architectures of deep neural network and their major appli-
cation areas Architecture ~ Major application areas
Auto-encoder Natural language processing, understanding
compact representation of data

Convolutional neural networks Document analysis, face recognition,
image recognition, natural language processing, video analysis Deep
belief networks

recognition, natural language understanding

Failure prediction, information retrieval, image
Deep stacking networks ~ Continuous speech recognition, Infor-
mation retrieval

LSTM/GRU networks
ognition, image captioning, natural language text compression,

Gesture recognition, handwriting rec-

speech recognition

Recurrent neural networks Handwriting and speech recognition
Restricted Boltzmann machine Collaborative filtering, classification,
dimensionality reduction, feature learning, regression, and topic
modeling

and the use of GPU are incomparable. AlexNet has high speed of
processing and training because of the use of GPU.

. Visual Graphic Group Net This net was developed by the
technicians at the Visual Graphics Group from the Oxford and is in
pyramid shape. The model consists of the bottom layers which are
wide and the top layers are deep. VGG accommodates successive
convolutional lay- ers and then the pooling layers to make the layers
NArrow.

. GoogleNet The architecture was introduced by the re-
searchers at Google and hence the name of the Net. It involves 22
layers whereas VGG had 19 layers. Google Net is based on the novel
technique which is known as the inception module. Here single layer
carries multiple kinds of the feature extractors that help the network
to perform better. When multiple of these inception mod- ules are
stacked one over the other, it becomes the final one. The model con-
verges faster because of the joint and the parallel training. Training
of GoogleNet is faster than VGG with small size of the pre-trained
GoogleNet.

. ResNet Residual Network incorporates numerous suc-
ces- sive residual modules also called as the basic building block of
ResNet. The residual modules are placed on one over the other and
form a successful and complete node to node network. The main
benefit of ResNet is that many residual layers are capable of forming
a trained network.

. ResNeXt It is constructed based on the concepts of
ResNet with novel and enhanced architecture with improved perfor-
mance.

. RCNN (Regions with Convolutional Neural Network) It

depends upon designing a bounding box over the objects in the im-
age and identifies the object given in the image.

. YoLo (You only look once) This architecture solves image
detection problems. To identify the class of the object, the image is
divided into bounding box and then a rec- ognition algorithm is exe-
cuted which is common for all the boxes. After identification of the
classes, the boxes are merged very carefully to make a best bounding
box around the objects. It is used in real time for handling day-to-day
problems.

. SqueezeNet The SqueezeNet architecture is the most pow-
erful architecture to select with the low bandwidth. This network
architecture takes space of 4.9 MB and the inception process will
take 100 MB. A fire module is used for handling the drastic change.
. SegNet SegNet is considered as the best model for the im-
age segmentation problems. SegNet is a deep neural network, which
is used to solve the image segmentation complexities. It is made up
of an arrangement of pro- cessing layers which are called encoders,
and interre- lated set of decoders for pixel wise classification. The
important feature of SegNet is the ability to retain very high fre-
quency details in the segmented image. Herein the encoder network
and the decoder network, pooling indices are connected. The flow
of information is also straight.
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. GAN Generative Adversarial Networks is a unique net-
work architecture, which creates an entirely novel and different im-
ages, which are not already present in the available training dataset.

4 Characteristics of Deep Learning

Deep learning is a broad term used for the machine learning and
for the artificial intelligence. Because of the following mentioned
characteristics, deep learning techniques have achieved the heights
of success in the variety of applica- tion areas. For example, new ar-
eas such as decision fusion, on-board mobile devices, transfer learn-
ing, class imbal- ance problems and human activity recognition have
gained improvement in the performance and the accuracy.

So, here are the following characteristics of deep learning:

. Extensively powerful tool in many fields.

. It is purely based on neural networks with the addition of
more than two layers and so called deep.

. Have strong learning ability.

. Can make use of datasets more effectively.

. Learn feature extraction methods from the data.

. Surpass human ability to solve highly computational tasks.
. Very little engineering by hand is required in deep learn-
ing,

. Optimized results.

. Deep learning networks depend upon the nature of the
network structure, activation function and data represen- tation.

. Describe highly variant features in a few parameters.

. Prediction performance can be greatly improved.

. Solve highly computational tasks.

. Capability to extract features from high dimensional sen-
sory inputs.

. Secure and robust generalization capability and with less
requirement of training data.

. Fuse the benefits of multiple features for voice activity de-
tection.

. Stronger than machine learning model in feature repre-
sentation.

. Covariance estimation can be improved for the prediction
applications.

. Deep learning networks do not rely on prior data and
knowledge.

. DNN has a unique representation and having innovative

methods to understand the representations even with large-scale and
unlabeled data.

. With high-level abstraction, these networks can extract
complicated features.

. Good recognition ability approaches in the big data era.

5 Motivation to Use Deep Learning

Deep learning technology has a conception that there is nothing in-
herently challenging the applications to enhance the performance,
e.g. handwriting recognition of the machines achieves human level

of performance, same as for face recognition and the object rec-
ognition metrics. It is to be admitted that the deep learning begins
from the hand- writing recognition. Its architecture called CNN was
cre- ated successfully in order to read handwritten postal codes. The
motivation for the use of deep learning occurs from the many facts
as listed below:-

. Undoubtedly, deep learning will definitely drive Al adop-
tion into the enterprise also.

. Deep Learning is the main driver and the most essential
approach to AL

. Deep learning is a collection of methods and techniques
based on artificial neural networks with multiple layers and increased
functionality.

. Deep learning perceives tremendous growth because it has
deep layered neural networks and the support of graphical process-
ing units to improve the execution.

. Deep neural networks mainly include feed-forward net-
works with convolution and pooling layers.

. There is no sequence and inputs and outputs are inde-
pendent.

. Deep neural networks achieved eminence, 4-5 years back
when deep models started replacing the traditional approaches, es-
pecially in handwriting recognition, healthcare, image classification,
speech recognition and natural language processing.

. Deep neural networks can be disciplined and analyzed by
many researchers and academia.

. Deep learning techniques and methodologies are mote ac-
curate when skilled with large amount of data.

. NVIDIA will influence the space in 2017 because they are
having the affluent deep Learning ecosystem. Intel Xeon Phi solu-
tions are buried on influx with respect to deep learning,

. Designers will depend on meta-learning,

. Reinforcement learning will only become more crea- tive.
. Adversarial and cooperative learning will be the king,

6 Deep Learning vs. Machine Learning

Deep learning architecture is constructed from many hidden layers
and multiple neurons per layer. The multilayer archi- tecture facili-
tates with the mapping of the input to higher level representation.
Here we discuss the major differences that are found between two
learning techniques:-

. Deep learning constructs algorithms in various layers to
make an artificial neural network, which can learn and take intelli-
gent decisions on its own, whereas machine learning needs algo-
rithms to interpret data, learn from that data and then synthesized
informed decisions.

. Deep learning takes a large amount of data while machine
learning needs a small amount of data to work and arrive at a con-
clusion.
. Deep learning requires hardware with very high perfor-
mance.

. Deep learning creates new features by its own processes
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and techniques, whereas in case of machine learning, features are
accurately and precisely recognized by the users.

. Deep learning solves the problem on end to end basis,
whereas machine learning solves it by decomposing a bigger task
into smaller tasks and then combining the results.

. Deep networks are black box networks and their work-
ing is very difficult to understand because of hyper parameters and
complex network design.

. Time requirement to train is much more in deep learn- ing
than in machine learning.

. Transparency is shown by machine learning methods rath-
er than the deep learning methods.

. Accuracy rate achieved by deep learning is very satis- fac-
tory as compared to machine learning;

. Challenging and complex feature engineering phase is
eliminated in the deep learning which is present in the machine
learning,

. Deep networks need high-end graphical processing units
which are very expensive and are skilled in suf- ficient time with big
data.

7 Deep Learning vs. Conventional Learning
The major differences that are present between the deep learning
methodologies and the conventional learning are as described be-

low:-
. Extraction of features and their Representation
. From the raw sensor, deep learning methods can learn fea-

tures and finds the most suitable pattern for improving the recogni-
tion accuracy.

. Conventional learning worked on the feature vec- tors
which are manually produced and applications dependent. These
features are difficult to model in complexities.

. Generalization and Diversity

. It is possible to extract spatial, scale invariant and temporal
features from the unlabeled raw data in deep learning,

. Conventional learning used labeled sensor data. And also
focus on feature selection with dimen- sionality reduction methods.

. Data preparations
. In deep learning, pre-processing of the data and normali-
zation are not mandatory.
¥
. Conventional learning extracts features by using sensor ap-
pearance and within the active windows.
. Temporal and Spatial changes in Activities
. Use of hierarchical features and translational invari- ant

features can solve the complexities present in intra-class variability’s
in handcrafted features.

. Handcrafted features are not suitable and inefficient in

solving the inter-class variability’s and inter-class relations in the con-
ventional learning,

. Model Training and Execution time

. To avoid over fitting, deep learning requires large amounts
of sensor dataset. It is also used for reduc- ing high computations.
Graphical Processing Unit (GPU) is used to speed up the training.

. Less training data is required with less time for com- puta-
tion and memory utilization is also less in con- ventional training,

8 Reported Work on Various Applications of Deep Learn-
ing

The target approach of deep learning is to resolve the sophis- ticated
aspects of the input by using multiple levels of rep- resentation. This
new approach to machine learning has already been doing wonders
in the applications like face, speech, images, handwriting recogni-
tion system, natural language processing, medical sciences, and many
more. Its latest researches involve revealing the optimization and fine
tuning of the model by using gradient descent and evolu- tionary al-
gorithms. Some major challenges that the deep learning technology
is facing undoubtedly are the scaling of computations, optimization
of the parameters of deep neu- ral network, designing and learning
approaches. A detailed investigation in vatious complex deep neural
network mod- els is also a big challenge to this potential research
area. The combination of fuzzy logic with deep neural network is
another provoking and demanding area which needs to be explored.
Numerous applications of deep learning are depicted in Fig. 4.

. Acoustic Modeling

Mohamed et al. [37] proposed deep learning network, which con-
tains multiple layers of features with many parameters for the phone
recognition. They replaced Gaussian mixture models and used TIM-
ITT dataset. They trained deep learning networks as a multilayered
genera- tive model. After designing features of pre-trained deep net-
work, the next step was to perform discriminative fine tuning with
the back propagation, distribution so as to adjust the features for the
better prediction of probability distribution. They worked on such
applications of acous- tic modeling where multiple layers of features
wete pre- trained. They explicitly exemplary the covariance structure
of the input features. They were trying to reveal alterna- tive rep-
resentations of the input that helps deep neural networks to gath-
er the relevant information in the sound- wave. They also explored
various ways of using recurrent neural networks for increasing the
amount of past detailed information that helps in the interpretation
of the future.

Ling et al. [29] presented in a very systematically way the review of
the speech generation approaches. They created interest in the mind
of readers to learn the existing paramet- ric speech generation meth-
ods and also stimulated for the generation of developing new meth-
ods. They concluded in their findings that for parametric speech
recognition, RBM and DBN which are called deep joint models and
CRBM and DNN are better to represent the complicated and non-
linear relations. Santana et al. [54] presented a unique method for
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the acoustic modeling, In the presence of noise, they devel- oped
the system for the speech recognition by using deep neural network.
This is the big challenge for the researchers for developing speech
recognition system with the presence of noise speech signals. For
their experiment, they used CNN and the recurrent architecture.
CNN was used for the acoustic modeling and recurrent method
with connection- ist and temporary classification was used for the
sequential modeling. Their method worked well as compared to the
classical model such as HMM with the BioChaves datasets.

9 Conclusion and Future Aspects

Indeed, one of the most rapidly expanding areas of machine learn-
ing is deep learning. The success and versatility of deep learning al-
gorithms are shown by their fast adoption in several disciplines. The
advancements and higher accuracy rates achieved via deep learning
demonstrate the technology’s importance, highlight its progress,
and point to its future potential for study and improvement. Fur-
thermore, it is crucial to emphasize that the primary critical success
criteria in developing a deep learning application are the layer hierar-
chy and supervision in learning. Because proper data categorization
requires a hierarchical structure, and because supervision places a
premium on database maintenance, this is the rationale behind it.
The foundation of deep learning is its new use of hierarchical lay-
er processing and its improvement of preexisting machine learning
applications. Deep learning is capable of producing efficient out-
comes for a wide range of uses, including voice recognition and
digital picture processing, The combination of deep learning with
face recognition and voice recognition makes it a promising tool for
security both now and in the future. Aside from this, digital image
processing is a multi-disciplinary topic of study. Deep learning is an
interesting and cutting-edge area of Al research since it has the po-
tential to prove to be an optimization. Finally, we can say that if we
ride the success wave, we will see that deep learning is really taking
off in many applications, thanks to the growing availability of data
and processing power. It is believed that in the coming years, the fast
development of deep learning in an increasing number of applica-
tions—including healthcare, remote sensing, and natural language
processing—will undoubtedly achieve goals and reach new heights
of success and happiness. This technology is really ephebic, young,
and specific.

What is ahead for deep learning is:

* How well do deep networks perform in complex, dynamic, and
multi-type noisy environments?

* Enhancing deep networks’ performance with a more diverse set
of features?

* Deep neural networks’ compatibility with online learning without
supervision.

* Moving forward, deep reinforcement learning is the way to go.
Eventually, inferences, efficiency, and accuracy will be desirable with
deep networks.

* Keeping a large database up to date.

The goal of this project is to build generative models for the par-
ametric voice recognition system that are deep and have excellent
temporal modeling capabilities.

* Use deep learning to automatically analyze ECG signals.

The use of a deep neural network for video object tracking and

detection.

* An autonomous vehicle that uses a deep neural network.

We argue that deep learning approaches have garnered a lot of at-
tention in every domain where traditional machine learning methods
have been useful. Finally, deep learning has shown to be the most ex-
citing, effective, and supervised method of machine learning. In or-
der to get better and more accurate findings, it may help researchers
quickly assess the application’s hidden and unbelievable difficulties.
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