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Abstract
The Deep belief networks (DBNs) are found to be the most 
prominent techniques, which are being used in natural language 
understanding. Natural language understanding has become 
one of the greatest priorities for businesses, particularly for call 
centers and customer services sector. It has been observed that 
various traditional classifiers have been adopted by the businesses, 
including maximum entropy (MaxEnt), boosting, support vector 
machines (SVMs). These techniques or traditional classifiers 
are not found to be effectual, in terms of their accuracy and 
reliability. However, the emergence of deep belief networks are 
considered as the most effective and integrated approaches, which 
are proved to provide higher accuracy. This study has helped in 
examining the accuracy of all of these approaches by conducting 
an experiment. The results of the experiment have been analyzed 
by using descriptive statistics method, in order to have more clear 
and reliable results. It has been established from the research that 
DBNs (deep belief networks) are the most effective and credible 
approaches, in natural language understanding, as compared to 
maximum entropy (MaxEnt), boosting, support vector machines 
(SVMs).  
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I. Introduction
This study intends to identify and examine the applications and 
effectiveness of Deep Belief Networks (DBNs) in terms of natural 
language understanding. It has been established that DBNs are 
generative, eventual models that possess combination of multiple 
layers of casual hidden variables [12]. It is significant to notice 
that the hidden variables are comprised of binary values, which 
are usually referred as feature detectors and hidden units. In 
DBNs, the lower layers of the model gather directed and top-
down connections from the above layers of the model. In this 
situation, the status of the units, which lie in the lowest layer, 
illustrates a data vector. In this regard, [5] has affirmed that the 
DBNs are nothing more than the combination of wide range of 
RBMs (Restricted Boltzmann Machines), which are placed on 
top of each other. It has been assessed that studies have identified 
various applications of DBNs. In this account, it is claimed that 
DBNs can be used for voice recognition, recognition of natural 
images, as well as for extracting meaningful features from any 
input image [16].  In addition to this, it has also been observed 
that deep belief networks can also be used for developing efficient 
search strategy and powerful segmentation tool. In this account, 
[17, 20] have stated that the approach of DBNs plays an inevitable 
and incredible role in minimizing the complexity. 
It has been assessed that one of the major objectives of SLU 
(spoken language understanding) systems plays an indispensable 
role in supporting the communication amid a machine and human 
beings. SLU systems automatically recognize the intent of the 
user from natural language by issuing queries and extorting the 

information bearing words to the databases, which are at the back-
end. One of the major purposes of this action is to satisfy and fulfill 
the requests of the users. Recent advances in the technology of 
speech recognition have opened new doors for understanding and 
learning spoken language. CRFs (conditional random fields) can 
be considered as one of the most common discriminative modeling 
techniques, which are used for filling of slot, in order to understand 
the spoken language. Slot filling can be understood as the sequence 
classification problem, which is used to obtain the most appropriate 
and adequate slot sequence [8]. Based on this technique, the most 
integrated and adequate technique was developed, which was 
called DBNs. The entire functionality or operations of DBNs is 
based on the similar approach, i.e., data is collected from different 
layers [15]. The proceeding sections will considerably help in 
understanding the applications and effectiveness of DBNs in the 
context of natural language understanding.

II. Aim of the Paper
This study aims to analyze and examine the effectiveness and 
applications of deep belief networks, particularly in the area of 
natural language understanding. It has been assessed that DBNs 
can be understood as the neural network, which is developed from 
various layers of RBMs (Restricted Boltzmann Machines). This 
structure of DBNs is found to be most effective and integrated, 
in terms of understanding natural language. This study will 
commendably assist in recognizing the effectiveness of deep belief 
networks, in natural language understanding.   

III. Paper Methodology
In order to accomplish the aim of the research, an experiment 
has been conducted, which intended to examine and analyze the 
effectiveness of DBNs over other traditional classifiers [2]. After 
conducting the experiment, the results of that experiment were 
examined by using descriptive statistics method. The descriptive 
statistics method is found to the most prominent and effective 
discipline, which helps in quantitatively demonstrating the main 
features of the gathered data. Some of the most prominent features, 
which are commonly used to demonstrate a data set, are measures 
of measures of dispersion or variability and measures of central 
tendency [8]. It is important to notice that measures of central 
tendency includes mode, median, and mean. On the other hand, 
measures of variability may include the maximum and minimum 
values, as well as variance or standard deviation. In this research 
study, the results of the descriptive statistics have been analyzed 
by considering the mean values and standard deviation [12]. 
These elements have played an inevitable and indispensable role 
in recognizing the effectiveness of deep belief networks within 
the correspondence of traditional classifiers [1].

IV. Literature Review
In the current era, call routing technique for natural language has 
become one of the extensively used technologies of NLP, which 
are being utilized in the world. In this regard, it has been asserted 
that organizations have adopted this technology, in order to deal 
with their customers [14]. It is due to the fact that this technology 
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has offered several benefits to the organizations, as well as to 
their customers. One of the greatest advantages of call routing 
technique is to automate the customer care, while eliminating 
agent/customer interaction. It has been observed that the call 
routing system incorporates two statistical components, i.e., an 
action classifier and speech recognition system. According to [8-9] 
speech recognition system records the speech of speakers, while 
sending the recording to the action classifier. Action classifier 
analyzes the intent of the speaker embodied in different call types. 
It is important to notice that each type of the call sets-off a different 
act on the back-end of the system [9]. It has been stated that 
different technique of machine learning are used, including SVM 
(support vector machine), MaxEnt (maximum entropy modeling), 
and boosting [15].
On the other hand, it has also been observed that NNets (neural 
networks) are also found to be most effective approaches in the 
fields of language processing and speech [17]. During the last 
two decades, several applications of NNets to natural language 
processing problems and speech recognition have been introduced. 
More so, these neural networks, specifically DBNs, along with 
a number of hidden layers are also proved to be able to model 
complex structures. DBNs can be considered as the most effective 
and integrated technique, which helps in understanding natural 
language [2-7]. In accordance with the views of [1] the building 
block of DBNs is a probabilistic model, which is referred as RBM. 
RBM is often used to identify one layer of feature at a time [10-
15]. To analyze the efficacy of DBNs in understanding natural 
language, it is essential to understand the entire structure and 
notion of DBN, which is incorporated in the proceeding paper.

A. Deep Belief Networks (DBNs)
It has been established from the analysis of research, which was 
conducted that deep belief networks can be understood as the 
structure, which is developed from numerous layers of RBM 
(Restricted Boltzmann Machines)[17]. In this regard, it  has been 
asserted that RBM is constructed in the form of two layers of 
neurons. These layers may include a hidden layer as well as a 
visible layer. In this structure, each and every neuron is totally 
linked to the neurons of the other layers. It is significant to notice 
that no connected exists amid neurons of the similar layer [16]. 
One of the biggest roles of a RBM is to structure the distribution 
of its input [11]. Diagrammatic representation of DBN is provided 
as follows: 

Fig. 1: Diagrammatic Representation of DBNs

It has been revealed from the analysis of researches and studies, 
which were conducted in various studies that DBNs are being 
used in different areas of life. Previous Studies have investigated 
Electroencephalography (EEG) for the anomaly detection and 
classification of waveforms [3]. In this regard, the performance 
of DBNs is found to be most effective, as compared to standard 
classifiers. In addition to this, this paper has used deep belief 
networks, in order to model the spectral variability in speech [11]. 
It has also been established that researchers have also implemented 
the model of DBNs on motion capture and transformation of 
images [13]. It is significant to bring into notice that all of these 
functions and applications of DBNs are based on RBMs, which 
is discussed in the proceeding paper.

B. Restricted Boltzmann Machines (RBMs) 
The neural network is considered as the widely adopted models, 
which are associated with machine learning that help in learning 
and making elicitation of natural image ordering. According to [2] 
a Boltzmann machine can be considered as casual neural network 
model, which is synthesized with the notion of temperature. It has 
been observed that due to different issues and vulnerabilities, the 
BM (Boltzmann machine) is restricted in interface and learning 
[11]. Thereby, a restricted type of Boltzmann machine can be 
referred as RBM. In this account, [18] has asserted that RBM is 
energy based generative paradigm, which is consisted upon a layer 
of unit “h”, which are binary hidden, as well as “v”, i.e., binary 
visible units, as shown in below mentioned figure.

Fig. 2: The Structure of RBM

It has been declared by [15] that one of the most significant benefits 
of RBM is that, its hidden layer can feasibly demonstrate natural 
images, better than Boltzmann machines and the output of this 
layer can be utilized for the operations of higher level RBM. 
It has been revealed from the profound analysis of researches, 
which were conducted by [2] that a RBM is found to be a bi-layer, 
bipartite, undirected model in which the first layer is consisted 
upon visible units (observed data variables). In addition to this, the 
second layer of RBM consists of hidden units (latent variables). In 
accordance with the views of [5] the hidden and visible layers are 
fully connected with the help of symmetric undirected weights and 
no intra-layer connections exist amid hidden or visible layers.

C. Traditional Classifiers

1. Maximum Entropy (MaxEnt)
It has been established from the analysis of research and studies, 
which were conducted by [17] that maximum entropy or MaxEnt is 
the method which is considered as the flexible statistical modeling 
framework. It has been observed that the framework has been 
extensively utilized in several different areas of processing natural 
language. In accordance with the views and perceptions of [18] the 
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classifiers of MaxEnt do not perceive statistical independence of the 
characteristics, which are utilized as interpreters. On the other hand 
it has been examined that these techniques play an indispensable 
role in enabling the combination of various different overlapping 
information services [15]. The sources of information are usually 
combined in the manner, which is described as follows:

In above equation, “L” can be understood as word sequence, which 
is spoken by the caller. On the other hand, K’ can be referred as 
the normalization factor, which is used for probabilities to sum to 
one (1). In addition to this, fi can be understood as the features or 
indicator functions, which are activated on the basis of features, 
which are computable [10].

2. Boosting
It has been asserted by [8] that boosting can be understood as 
the method, which can be utilized in the combination of various 
different learning algorithms as well as paradigms. One of the 
major objectives of using such approaches is to improve and 
enhance the overall accuracy, reliability, and credibility of the 
algorithms, which are used for learning. In accordance with the 
views of [16], the notion of boosting was developed in order to 
develop or formulate an accurate forecasting rule by mixing wide 
range of moderately weak (erroneous) rules into the single and 
relatively strong classifier. It has been observed that boosting is 
found to be sensitive to humming data as well as the outliers and 
it is also found to be less susceptible to over fitting, as compared 
to other algorithms, which are used in machine learning [14].

3. Support Vector Machines
It is also found to be most integrated and adequate classifiers, 
which are being used in machine learning practices. It has been 
claimed by [9] that support vector machines or simply SVMs are 
supervised or highly credible methods of learning, which are used 
for classification. It is significant to notice that the basic support 
vector machines consider a set of input data, while forecasting each 
and every input [14]. This entire process helps in evaluating the 
potential inputs, which may form the output. SVMs are found to be 
consequential from the theory or notion of reducing the structural 

risk. SVMs help in learning and analyzing the boundaries as well as 
the limitations, amid samples of the two classes, through integrated 
and effectual approaches of mapping [16].

D. Deep Belief Networks in Natural Language 
Understanding
It has been documented in the studies, which were conducted by [2] 
that deep belief networks have showed tremendous performance 
in the area of natural learning understanding, as compared to 
traditional classifiers. It is due to the fact that deep belief networks 
work on the paradigm of RBMs, which improves the overall 
functionality of the layers. It is a fact that modeling power can 
be easily improved or enhanced by adding more layers [4]. In 
this regard, deep belief networks can be considered as the most 
appropriate and adequate techniques, as these networks are found 
to be perfect and integrated, in terms of modeling the data [10]. 
Practically, fewer outputs are gained by utilizing more than three 
hidden layers. Thereby, an advance and highly integrated paradigm 
has been adopted, which incorporates three hidden layers, in order 
to improve the process of understanding natural language [11]. 
It is significant to notice that the output layers of the softmax, 
within the neural network, particularly DBN, is quite similar to 
the MaxEnt classifier. Precisely, it can be stated that a deep belief 
network is a classifier, i.e., MaxEnt, which fosters the learning of 
feature functions [18].

V. Experimentation and Results
In order to perform an experiment, a call-center was selected, 
that provides technical support for a Leading IT Organization. 
The system of call routing has selected one of the thirty five call 
types. The training data adopted for this study was 27K, which 
was adopted in order to record words, which are approximately 
178000 words. The entire data was divided into different sets, 
which contained {10000, 9000, 8000, 7000, 6000, 5000, 4000, 
3000, 2000, 1000}, as well as 27000 words, respectively. One of 
the major objectives behind this action is to analyze and examine 
the sizes of different training data, as well as their impacts on 
learning procedures. The counts were clipped at one, for DBNs, in 
order to enable them to be structured by binary units. The results 
of the experiment are provided in below mentioned table.

Table 1: Accuracy of Deep Belief Network Classifiers and Traditional Classifiers
Experiment Percentages

Data Label Entropy Vector Boosting
Deep_
Belief_

Network 

Deep_Belief_
Network_1

Deep_Belief_
Network_2

Deep_Belief_
Network_3

1000 66 67.5 69.3 72 73 73.6 70
2000 70.4 72 69 72.7 73.8 73.9 74.2
3000 72.2 74.5 65.3 74.2 75.4 74.3 74.6
4000 73.5 75.1 74.3 75.9 76.9 75.9 76.7
5000 74.6 76.4 75.8 76.8 76.6 76.6 77.3
6000 75.5 77 76.4 77 77.3 77.4 77.9
7000 76.2 60 76.7 78 78 78.3 78.3
8000 76.5 77 77 78.4 78 78.2 78.2
9000 77.2 77.3 77.8 78.8 78.9 78.9 78.8
10000 77.6 78.8 78.2 78.8 78.8 79 78.8
27000 79.7 75 79.4 80.2 80.4 80.1 80.8
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Above mentioned table 1 shows the results, which were derived 
from an experiment, in order to analyze the effectiveness of 
DBNs over other traditional classifiers (boosting, MaxEnt, and 
SVMs). In this regard, several different parameters of the classifier 
(for instance, kernel selection for SVMs and smoothing priors 
for MaxEnt learning) are adjusted on the acquired datasets. 
Furthermore, every single classifier is also adjusted by utilizing 
the amount of data label, which is provided in the first column. 
While observing traditional classifiers, it was identified that SVM 
classifiers obtained 67.5 percent accuracy, by utilizing the data label 
of 1000. On the other hand, the equivalent values for the boosting 
and the MaxEnt are 69.3 percent and 66 percent respectively. Not 
only for the data label of 1000, but also for 3000 and 2000 data, 
boosting classifier is found to give best performance. In contrast, 
for extensive training data, the support vector machine classifier 
continually outperformed both MaxEnt and boosting, which is also 
documented in other studies. Moreover, DBN was also performed 
in the fourth column, which showed slightly better performance, 
as compared to SVMs. When the training data is structured, they 
showed similar performances, which were approximately 80.4% 
accurate.

Table 2: Descriptive Statistics Results
Descriptive Statistics

N Minimum Maximum Mean Std. 
Deviation Variance

Entropy 11 66 80 74.49 3.837 14.719

Vector 11 60 79 73.69 5.490 30.135

Boosting 11 65 79 74.47 4.549 20.694

Deep_Belief_
Networks 11 72 80 76.62 2.658 7.066

Deep_Belief_
Networks1 11 73 80 77.01 2.224 4.947

Deep_Belief_
Networks2 11 74 80 76.93 2.242 5.028

Deep_Belief_
Networks3 11 70 81 76.87 2.957 8.746

Valid N (list 
wise) 11

The sample size, which was taken for the descriptive statistics 
analysis, as shown in Table 2, was 11, i.e., the entire data was 
divided into eleven datasets. One of the major reasons behind 
this activity was to analyze and examine the performance of all 
techniques, in an effective and adequate manner. When performance 
of all techniques, i.e., MaxEnt, SVM, boosting, and DBN was 
examined on labeled data of 1000, MaxEnt showed the mean value 
of 74.49. On the other hand, the technique of SVM showed the 
mean value of 73.69. More so, the mean value, which was shown 
by boosting, was 74.47. However, 76.62 mean value was observed 
for Deep_Belief_Network, and a mean value of 77.01 was counted 
for Deep_Belief_Network_1. Furthermore, the mean value for 
Deep_Belief_Network_2 was perceived as 76.93 and a mean value 
of 76.87 was observed for the Deep_Belief_Network_3. On the 
other hand, the standard deviation values, which were shown by 
maximum entropy, support vector machines, and boosting were 
observed as 3.837, 5.490, and 4.549. The standard deviation value 
for Deep_Belief_Network was observed as 2.658 and a value 
of 2.224 was counted for Deep_Belief_Network_1. Moreover, 
the standard deviation value for the Deep_Belief_Network_2 
was observed as 2.242 and a value of 2.957 was calculated for 
Deep_Belief_Network_3. As per descriptive statistics, the most 

reliable value is found to be the one, which has maximum mean 
value as well as the minimum values of standard deviation. 
In this account, the analysis of all of these mean values and 
standard deviation values show that Deep_Belief_Network_1 is 
most effectual and valuable technique. It is due to the fact that 
Deep_Belief_Network_1 has maximum mean value, i.e., 77.01 
and minimum standard deviation, i.e., 2.224.

VI. Conclusion
For The preceding paper has discussed the application and 
effectiveness of deep belief networks, in the context of natural 
language understanding. In this regard, the research study has 
conducted an experiment of call routing, within a call-centre 
which provides customer services to a leading IT organization. 
The experiment significantly helped in comparing and analyzing 
the performance of deep belief networks, corresponding to 
other traditional classifiers, i.e., boosting, MaxEnt, and SVMs. 
Afterwards, the results of the experiment were examined by 
using the method of descriptive statistics, in order to ensure the 
reliability of the results. The final findings, which were acquired 
from descriptive statistics, shows that DBN are most effective 
and appropriate techniques, in the context of natural language 
understanding. More so, the research study has also presented the 
illustration of various traditional classifiers, including maximum 
entropy (MaxEnt), boosting, as well as support vector machines 
(SVMs). In addition to this, the paper has also illustrated the core 
concepts, which are associated with deep belief networks, RBM, 
and effectiveness of Deep_Belief_Network in natural language 
understanding
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