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Comparing Logic Programming 

in Radial Basis Function Neural 

Network (RBFNN) and Hopfield 

Neural Network 

Abstract— Neural network is a black box that clearly learns the internal relations of 

unknown systems. Neural-symbolic systems are based on both logic programming and 

artificial neural networks. Radial basis function neural network (RBFNN) and Hopfield 

neural network are the two well-known and commonly used types of feed forward and 

feedback networks. This study gives an overview of how logic programming is been 

carried out on both networks as well as the comparison of doing logic programming on 

both radial basis neural network and Hopfield neural network. 

 

 

Index terms— Radial basis function neural network, Hopfield network, Logic 

programming 

 

I.  INTRODUCTION 

Neural-symbolic structures are artificial intelligence 

system that can realize the symbolic processes within 

artificial neural networks. An artificial neural network 

which is also known as connectionist systems [1] has 

received precise attention because of their capacity to 

evaluate complex non-linear data set. Neural networks 

are artificial intelligence structures that include some 

mathematical and graphical models. Neural networks or 

connectionist architectures provide an alternative 

computational paradigm [2], and can be seen as a step 

towards the understanding of intelligence. It departs from 

the traditional way of serial processing and instead is 

based on distributed processing via connections between 

simple elements. This is motivated by biology, and offers 

new and alternative ways of computation [3]. The models 

are used to show the structure of the artificial neural 

network. There are different types of artificial neural 

networks and all execute principally the same functions 

[1], their applications are distinctive cases of vector 

mapping. They comprise of an enormous number of 

modest processing elements called neurons, cells, unites 

or nodes [4]. It can be shown that prepositional logic 

programming can be done on the model of a single 

neuron [3]. Neurons are connected with each other by 

uninterrupted communication links, each with a related 

weight. Two main topologies in neural network are 

considered according to their connectivity. The first one 

is the Radial Basis Function Neural Network (RBFNN) 

which is a feed forward network, and the second one is 

the Hopfield Neural Network which is the feedback 

neural network. Neurons in the Radial Basis Function 

neural network belonging to the same layer receive inputs 

from neurons of the preceding layer and send their values 

only to neurons of the resulting layer [5]. In Hopfield 
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neural network; neurons belonging to the same layer send 

their output to neurons of the resulting and the preceding 

layers. Logic programming and artificial neural networks 

both have different advantages and disadvantages. Logic 

programs are extremely recursive and well understood 

from the angle of knowledge representation [6]. Artificial 

neural networks succeed in that, they can be trained using 

raw data, and sometimes the difficult domains that are 

generalize from the raw data made during the learning 

process turns out to be highly adequate for the problem at 

hand. The training consists of fine-tuning the weights on 

the interconnections in the network until the error which 

is the difference between the real output and the target 

output is small. The first phase in the combination of 

logic programming and artificial neural networks is by 

encoding logic programming within neural networks [5]. 

The objective of this study is to compare the method of 

doing logic programming in radial basis function neural 

network (RBFNN) and Hopfield neural network. The 

paper is therefore organized as follows. In section 2, we 

briefly explain the architecture of Radial basis function 

neural network. In section 3, the architecture of Hopfield 

neural network will also be explained. The outline of 

doing logic programming in both radial basis function 

neural network (RBFNN) and Hopfield neural network 

(HNN) will be in section 4 and 5 respectively. Section 6 

contains the summary of the similarity and dissimilarity 

of doing logic programming in both RBFNN and HNN. 

We give some concluding remarks of this work in section 

7. 

II. RADIAL BASIS FUNCTION NEURAL NETWORK 

(RBFNN) 

The idea of radial basis function neural network 

(RBFNN) is to assign each radial basis function (RBF) 

neuron to react to each of subspaces of a pattern class, 

formed by the clusters of training models [7, 8, 2]. Radial 

basis function neural network (RBFNN) typically has 

three layers [4, 9]: namely; an input layer, a hidden layer 

with a non- linear RBF activation functions and linear 

output layer. It is a special class of multilayer feed-

forward network. The hidden layer neurons accept the 

input information, trailed by definite decomposition, 

extraction and transformation steps to produce the output 

information. A radial basis function neural network is a 

special type of neural network that uses a radial basis 

function as its activation function [10]. The numbers of 

neurons in the hidden layer of a radial basis function 

neural network are determining because it affects the 

complexity and generalizing the capability of the 

network. A layer is a vector of units. Radial basis 

function neural networks are very common for function 

approximation, curve fitting, time series prediction, and 

control of classification problems. Because of their 

complete approximation and more compact topology and 

fast learning speed, radial basis function neural network 

(RBFNN) have fascinated much attention and have been 

broadly useful in many science and engineering fields. 

 

Figure1. Structure of RBFNN 

Radial basis function neural network (RBFNN) sets 

the constant of the weight among the input layer and 

hidden layer and appraises the weight among the hidden 

layer and output layer. The weights between the hidden-

to-output are usually assign to be 0 which stands for the 

connection to the output that is false and 1 which stands 

for the connection to the output that is true. The input 

layer connects the network to its environment that is 

made up of source neurons. The hidden layer neurons are 

linked with centers that decide the behavior and the 

structure of the network. The output layer which is the 

last layer of the RBFNN provides the reaction or 

response of the network to the activation pattern of the 

input layer that serve as a summation unit. The name 
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RBFNN arises from the point that the basis functions in 

the hidden layer neurons are radially symmetric. The 

radial basis function which is usually denoted by φi is 

usually computed by the ith hidden neurons and is 

maximum when the input vector is near the center of that 

neuron. Many types of radial basis functions are 

considered, such as: 
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The radial basis function network can be 

approximated by the combination of any of the functions 

above [4]. For example, an approximation of radial basis 

function network by the combination of Gaussian 

function can be seen as follows: 
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where .,...,1 Ni =  

Ci is the center of the radial basis function in the 

hidden unit which is a vector whose dimension is 

equivalent to the number of inputs to the neuron i, δi is 

the width of the receptive field in the input space from 

neuron i. ||.|| signifies the Euclidian norm on the input 

space. φi Can have an appreciable value when the 

distance |||| icx −  is smaller than the width δi. 

     In radial basis function neural network (RBFNN), it is 

very essential to determine the number of neurons in the 

hidden layer; this is because it touches the network 

complexity and generalizing the competence of the 

network. The centers in the hidden i.e. (the position of the 

center) affects the substantially performance of the 

network. It is therefore important to also determine the 

optimal locations of centers. Radial basis function neural 

network has two types of learning: supervised and 

unsupervised (hybrid learning). Learning in RBFNN are 

aim to determine a set of weights which minimizes the 

error, since a supervised learning such as back 

propagation learning algorithm has a problem of error 

convergence. The optimization of centers of each neuron 

in radial basis neural network can be employ by a 

training procedure, after which the weights between the 

hidden layer and the output layer must be selected 

appropriately. A bias value would be added with each 

output and are determined in the training procedure of the 

radial basis function neural network. 

III. HOPFIELD NEURAL NETWORK 

   The Hopfield neural network is one of the artificial 

neural networks that are propagated by john Hopfield 

[12] in 1982 based on the minimization of energy 

function. The architecture of Hopfield neural network 

consist of two dimensional connected neural networks in 

which the linking strengths between neurons- that are 

binary threshold neurons are determined based on the 

constraints and solution criteria of the optimization 

problem to be solved. 

           

Figure 2.  Structure of a discrete Hopfield network 

Each unit is connected to all other units except itself 

which avoids a permanent feedback of its own state 

value. Hopfield neural network is a feedback neural 

network. A solution in Hopfield neural network is active 

after the network is relaxed and stretches to a stable state. 

The energy function in Hopfield network [13] in higher 

order is of the form: 
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The system in Hopfield model consists of N formal 

neurons each of which is defined by an Ising variable 
is  

that is called the state of neuron i , ( )1, 1is  − and 

( ).i is sign h=  It has an updating rule i.e. 

( ) ( )( )1i is t sign h t+ =  and 
( )2

ijJ  is the synaptic 

strength from neuron i  to j . The synaptic strengths are   

symmetric with zero diagonal [11] i.e. 

      
( ) ( )

... ...

n n

ij k ji kJ J=  and 
( ) ( )

... ... 0.
n n

ii i jj jJ J= =  

Hopfield network must have a learning rule that sets 

the connection weights between all pairs of neurons such 

as Hebbian learning and Wan Abdullah’s learning 

method [15]. Every learning algorithm of perceptron’s 

for Hopfield network can be turned into a learning 

method. The learning methods are used to calculate the 

changes in connection weights depending on the 

activities of the neurons. For example; the Hebbian 

learning method is given by: 
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 in which time and learning 

thresholds can be taken into account. Different learning 

rules produce different basins of attraction [16]. 

IV. LOGIC PROGRAMMING IN RADIAL BASIS 

NEURAL NETWORK (RBFNN) 

  The objectives of doing logic programming in neural 

network is to find a set of interpretations i.e. the truth 

value of the atoms in the clauses that satisfy the clauses, 

i.e. which yields all the clauses to be true. We first start 

by embedding the horn clauses in RBFNN by using 

binary input neurons, where 0 refers to false and 1 refers 

to be true. 

Considering the clause below: 

1 2 1 2 1 2... ... ... (7)k x x x NA A A B B B B B B+ +           −−−  

Where , ,k x N  

The clause (7) is in radial basis function neural 

network with the binary input neurons where 0 refers to 

false and 1 refers to be true. The clause (7) can now be 

converted to a conjunctive normal form (CNF) which 

becomes: 

 

1 2 1 2 1 2... ... ... (8)k x x x NA A A B B B B B B+ +           −−−

In radial basis function neural network; the input values 

of clause (8) is in the form: 
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= = = +

+ + + + + + + − − − −

 
= + − 
 
  

                (9) 

Consider the horn clause below: 

    1 2 3 1 2, , ,A A A B B                                   (10) 

Where the commas means “and” and arrow means 

“if” The horn clause (10) can now be embedded in radial 

basis function neural network using the following steps: 

Step I: Convert the horn clause (10) into conjunctive 

normal form (CNF) i.e. 

      1 2 3 1 2A A A B B   
                           (11) 

Step II: The radial basis functions that represent the 

clause (11) consist of one input neuron and one output 

neuron. 

Step III: Select a training pattern to train the RBFNN 

that represents the clause (11). This will determine the 

number of hidden neuron to be use. Since the number of 

hidden neurons is dependent on the method used in 

learning RBFNN. Three (3) different ways for training 

the RBFNN are considered. (i) No training (ii) Half 

training and (iii) Full training. 

Step IV: Determine the input value of the clause (11). 

This will be in the form: 

            
( )1 2 3 1 2X A A A B B= + + + −

                            (12) 

Where X is the output value of the input neuron, the 

digital values of the literal in (12) are (0, 1) 
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For instance, the input value (X) which represents the 

clause (10) in RBFNN by using Eq. 12 is as follows: 

                 1,0,1,2,3,4X  − .                               (13)                                                                                                 

Having embedded the horn clauses in Radial basis 

function neural network, we now embed the logic 

programming in radial basis function neural network 

Consider the below logic programming as an 

example; 

                 

, ,A B C D

D B

C

 


 
                                         (14) 

The logic programming (14) comprises of three 

clauses; therefore there will be three output neurons and 

three input neurons. Depending on the training pattern 

selected; we can re-write the logic programming (14); for 

instance selecting the no- training pattern, the logic 

programming can be written in the following form: 

      
( ) ( )A B C D D B C     

             (15) 

The number of the hidden neurons is dependent on 

the method used in learning RBFNN. We can now apply 

a training pattern to train the RBFNN parameters in other 

to increase the performance of the network. Training 

process is used to determine the output weight, the 

centers and the widths. The RBFNN parameters can be 

determine by minimizing an error function that measures 

the degree of achievement. For instance, if we take the 

Gaussian function as our activation function, i.e 
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2

22

i

x

i

x c
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−  −
=  

                              (16) 

Then the center and the width will be determined 

using a clustering algorithm. For example, using the K-

means cluster algorithm, the collection of N vectors will 

be partition into C- clusters; 
, 1,...,iz i c=

 with the aim 

of finding cluster centers by minimizing a distance 

function given by 

           
( ), | |k i k id x c x c= −

                                      (17) 

Where ic  is the center of cluster iz
; ( ),k id x c

 is the 

distance between 
thi  center c and 

thk  data point kx
. 

After obtaining the center using the K-means algorithm, 

we then obtained the width for each hidden neuron with 

the variance
2 . 

Having obtained the center and the width of the 

network, we can now obtain the values of the radial basis 

function which is our activation function represented in 

(16). 

 After calculating and fixing the centers and the 

width, also after knowing the output targets for each of 

the input value, we then calculate the weights between 

the hidden neurons and output neurons with added 

threshold value which needs to be computed. The input 

values in radial basis function neural network (RBFNN) 

are satisfied if and only if: 

      |actual output value-1| < tolerance value 

The following flowchart illustrates the process of 

doing logic programming in radial basis function neural 

network. 

 

Figure 3 Flowchart of doing logic programming in RBFNN 
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V. LOGIC PROGRAMMING IN HOPFIELD NEURAL 

NETWORK 

In this section, we discuss how to carryout logic 

programming in Hopfield neural network. In principle, 

logic programming in Hopfield neural network can be 

seen as a problem in combinatorial optimization. Many 

optimization problems, including those that are 

associated with intelligent behavior can easily be 

represented in Hopfield network with the aim of 

transforming the problem into variables such that the 

desired configuration corresponds to the minimization of 

the respective lyapunov function. The energy function 

can be thought of as a programming language for which 

the optimization problems can be transformed by 

applying the network dynamics into a solution method. 

Logic programming in Hopfield neural network is done 

by using the neurons to store the truth values of the atoms 

and writing a cost function which is minimized when all 

the clauses are satisfied. Logic clauses of the form 

1 2,, ..., nA B B B
 are set of Horn clauses that can be 

used.  The objective is to find the set(s) of interpretation 

i.e. truth values for the atoms in the clauses that would 

yield all the clauses to be true. For example, consider the 

following logic program: 

     

,A B C

D B

C

 


 
 

                                            (18) 

The logic program (18) has three clauses which can be 

translated as: 

;A B C D B    and C. The task of the program is to 

look for interpretations of the atoms. In this case, atoms 

A, B, C and D makes up the model for the given logic 

program. It can be seen as a combinatorial optimization 

problem where the inconsistency of the lyapunov or 

energy function will be of the form: 

   

( ) ( ) ( ) ( ) ( ) ( )
1 1 1 1 1 1

1 1 1 1 1 1 (19)
2 2 2 2 2 2

p A B C D B CE s s s s s s= − + + + − + + − −−−
 

Where , ,A B Cs s s
 and Ds

 represent the truth values (true 

as 1) of A, B, C and D to be chosen as the cost function 

to be minimized. It can therefore be observed that the 

minimum value of pE  is 0, and has otherwise value 

proportional to the number of unsatisfied clauses. The 

energy function (19) when programmed onto a third 

order neural network using Wan Abdullah’s method [15] 

produce the synaptic strength as: 

For clause , ;A B C  
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For clause ;D B  
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For clause C   
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   To obtain logic program using Hopfield network as 

proposed by [12]; the following algorithm is to be carried 

out. 

(i) Given a logic program; transform all the clauses in the 

logic program into a Boolean algebraic form. 

(ii) Identify a neuron to each ground neuron. 

(iii) Initialize all connections strength to zero.  
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(iv) Derive a cost function that is associated with the 

negation of the conjunction of all the clauses, such that 

½(1+Sx) represents the logical value of a neuron 

corresponding to logical atom x. the value of Sx is define 

in such a way that it carries the values of 1 if x is true and 

-1 for x is false. The negation (x does not occur) is 

represented by ½(1-Sx); a conjunction logical connective 

is represented by multiplication where as a disjunction 

connective is represented by addition. 

(v) Obtain the values of connection strength by 

comparing the cost function with the energy. 

(vi) Let the neural network programmed with this 

connection strengths progress until minimum energy is 

reach. 

The following flowchart shows how logic programming 

has been applied in Hopfield neural network 

Figure 4. Flowchart of doing logic programming using Hopfield neural 

network 

VI. COMPARISON OF DOING LOGIC PROGRAMMING 

BETWEEN RBFNN AND HOPFIELD NEURAL NETWORK 

In this section, we are going to compare doing logic 

programming in radial basis function neural network 

(RBFNN) and Hopfield neural network. We categorize 

this into similarities and dissimilarities of doing logic 

programming in both radial basis function neural network 

and Hopfield neural network. 

A. Similarities 

• Logic programming in both RBFNN and Hopfield 

neural network uses logic programs that consist of 

set of program clauses and are activated by initial 

goals statements. 

• The clauses are always in conjunctive normal form 

(CNF) which contains one positive literal. 

• They both have the same objectives, i.e finding a set 

of interpretation (truth value of the atoms in the 

clauses which satisfy the clauses; which yield all the 

clauses true). 

• There processing units are either in binary states (1,-

1) or bipolar states (1, 0). 

• Both RBFNN and Hopfield network uses an 

algorithm in getting the output of the network. 

B. Dissimilarities 

• The set of program clauses in logic programming 

using RBFNN are determined by their digital values 

of the literals, where by in Hopfield neural network, 

the set of clauses in the logic program are 

transformed into a Boolean algebraic form. 

• Doing logic programming in RBFFN, a training 

method i.e No training, half training or Full training 

have to be selected in training the parameters of the 

RBF from the hidden layer, where by logic 

programming in Hopfield neural network does not 

require that. 

• In Hopfield neural network, logic programming can 

be done by deriving a cost function that is associated 

with the negation of the conjunction of all the clauses 

such that ( )
1

1
2

xS+  represents the logical value of a 

neuron corresponding to logical atom X. the value of 

xS  is define in such a way that it carries the values 

of 1 if X is true and -1 if for X  is false, and its 

negation is represented by ( )
1

1
2

xS− . In doing logic 
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programming in RBFNN, any of the activation 

function used in the hidden neuron, for example, the 

Gaussian function, the parameters are to be first 

determined. 

• Logic programming in RBFNN uses hybrid learning 

algorithm to train the network i.e. the parameters of 

the RBF i.e. the center and the width of the hidden 

units were obtained by unsupervised type of learning 

and the output weights were obtained by supervised 

learning, on the other hand, logic programming in 

Hopfield neural network uses only one type of 

learning, i.e. it uses an unsupervised type of learning 

in finding patterns in the input space in order to train 

the network. 

• Weights calculation between the hidden neurons and 

output neurons in logic programming using RBFNN 

can be computed with an addition of a threshold 

value. In Hopfield network, synaptic strengths can be 

obtained for each of the clauses. 

VII. CONCLUSION 

This study explains the procedure of carrying out 

logic programming in both radial basis function neural 

network (RBFNN) and the Hopfield neural network. 

Clauses were obtained and embedded in both the 

networks. The algorithms of doing logic programming in 

both the networks were explained and compared. In 

doing logic programming in radial basis neural network, 

the parameters of the network i.e. (the center and the 

width) would first be determined. The procedure for 

determining the parameters were explained. The center 

and the width are very necessary condition for the 

convergence that connects the network to a stable state. 
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