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Abstract-A dynamic behavior based parallel genetic algorithm is proposed here. This algorithm is intended to give the 
computational power of several parallel computers (running parallel genetic algorithms) in one single computer. That it 
supports multithreading in such a way that it has the potential to achieve the accurate results given by several parallel 
computers running genetic algorithm in each of them parallel, that is, it is really dynamic in nature. It implements the 
concept of Computational Mind Model in deriving the constraints used in the population space. 
 
 
I. INTRODUCTION 
 

In the study of Genetic Algorithms, sample of 
population undergoes reproduction, mutation 
producing a new next generation population. Here, in 
this algorithm a Main-population space produces N 
number of other sub-spaces, perform reproduction 
and mutation in each of the N sub-spaces. Each of the 
sub-spaces, then, contribute their best 
offspring/individuals to the next Main-Population 
space. Reproduction is not possible in the Main-
population space because the Main-population space 
consists of the individuals each differ from the other 
in terms of their behavior, stimuli and they belong to 
different independent groups. For example, one 
individual may be numerals, other may be alphabet 
and so on. Any way this is problem specific. 
 
II. DYNAMIC BEHAVIOR BASED 

GENETIC ALGORITHM CONCEPTS 
 

The genotypes in the Main-Population space are 
characterized by their respective Idleman. Before 
solving any problem, we must first define the known 
Idleman, Expression, Stimuli, and Unlabeled Output. 
The general definition and properties of the Idleman, 
Expression, Stimuli and Unlabeled Output are given 
by the Computation Mind Model I have proposed. 
Some of the goals: Effortless Computation, 
Organized Efficiency, Implementation of 
Computational Mind Model. 

“It is not necessary to imitate 100% brain. But it 
is a must to implement the complete organization and 
Computational Power of it in our AI System” “An 
Imaginary solution space is a continuous distribution 
of solution sub-space assumed to contain infinite 
number of sub-spaces produced due to infinite 
number of behaviors of the Idlemans.”This in reality 
does not exist due to Limiter Function. But this is 
necessary to study about the sub-spaces. 

“Limiter function is a decision function which 
controls and takes decision about the stimuli and 
behaviors of Idlemans which in turn control the 
subsequent Main-spaces and sub-spaces.”Expressions 

are produced by the Idlemans due to the behaviors 
they express. 

“Stimuli are conditional factors or constraints 
which are to be fulfilled for producing the desired or 
undesired new Idlemans. That is, stimuli acts upon 
the current Main-space to produce more types of 
Idlemans”. For example, if in the initial stage there 
are Idleman1, Idleman2, Idleman3…….IdlemanN in 
the Main-population space, then after the first 
reproduction, mutation and then merging, there are 
N+K no of Idlemans in the Main-population space 
where k≥0. All the Idlemans in the same Main-
population space must be distinct. 

 Property of a Neural Network: “As a signal 
traverses across nodes, it tends to concentrate 
infinitely into one node out of several others, that 
forms the independent loop, it happens several times” 
Main-population space and sub-population space are 
solution spaces where there is no reproduction and 
mutation in Main-population space. 
For each Main-population space we find the 
corresponding Idlemans of the population space as 
they are necessary to for the behaviors to act upon 
them to produce the sub-population spaces and their 
corresponding expressions. Expressions are the 
individuals inside each sub-population space. When 
the unlabelling condition is applied to the sub-
population spaces or the Main-population spaces, we 
obtain the unlabeled output, that is, the genotypes. 
The last Main-population will give us the solutions 
corresponding to different Idlemans. The Idlemans 
identify the corresponding solutions of the different 
problem areas. 
      It can be assumed that offspring can be mostly 
more fit than the remaining individuals in a particular 
population. In the sub-population spaces equal size 
partitions if, in case, violated, then we need repairing 
operators to fix things up. Mutations may also create 
infeasible solutions (mutation is defined as the 
exchange of two numbers in order to avoid 
infeasibility and to preserve the diversity of the 
population).Here if the constraints used for the 
behaviors, stimuli are violated, we probably have to 
use a penalty method to adjust the violation and 
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reflect it in the fitness function and the reproduction 
process. That is, if f(x) is the fitness function and g(x) 
is the penalty incurred. Then we have f '(x) =f(x) – 
g(x) where g(x)≤f(x).Penalty may occur in the 
boundary points of the solution space, that is, they are 
partially accepted solutions. It is not restricted there, 
it can occur anywhere depending upon the behaviors, 
mutation or unlabelling.  
 This genetic algorithm can be used for 
multi-objective optimization problems with random 
behaviors and stimuli. Some of the problem domains 
which we can be studied under this algorithm are 
search and optimization problems like  
 Cancer affected Cells search and optimization 

based on random behaviors and stimuli 
generated due to the infected cells. We need to 
identify the specific behaviors of the infected 
cells different from those uninfected cells and 
find the optimization function with regard to 
each behavior. Here, we need to identify the 
Idlemans properly. 

 This algorithm can be used to study the chain 
reactions where the behaviors and the stimuli 
of the reactants are clear and the specific 
optimization functions can be classified. 

 A businessman runs a Shopping Mall .He 
wants to make optimum profit at anything he 
sells depending upon the current behaviors of 
the sellers and the buyers at anytime. There are 
a certain list of items in the Shopping Mall. 
This algorithm may be used to optimize such 
problems which are behavior based and 
dynamic. 

 An ecologist comes to a certain inhabited 
Island .He wants to explore the Island 

ecosystem. But the Island is vast and is not 
possible to study for himself everything. So he 
decides to plan his study. He analyzes the 
behaviors and their stimuli. He tries to get an 
optimization equation for each behavior. First 
he studies some specific samples of 
population. He then analyzes their behaviors 
mathematically (taking assumptions).This 
algorithm can be used to study such problem 
domain. 

 Any problem which is extremely behavior 
based and each behavior gives a specific 
optimization equation. They can be studied 
using this algorithm. 

 Right now all these problems are under study 
and consideration. Each of the above problems 
require its own Idlemans, stimuli and behavior 
to be defined precisely. 

 Idlemans are called intelligentdata. They are 
specific data set which is assumed to be 
Intelligent and acting as a buffer for some set 
of specific data as long as the algorithm 
continues to execute. Idleman is the most 
important element in this algorithm. It will 
decide the optimum solutions, their 
interactions, stimuli and behavior at each time 
the solutions from the sub-space converge to 
the next Main population space. The Main 
population space at the end of the execution of 
the algorithm stores Idlemans. These Idlemans 
inherit all the features and information from all 
other previous Idlemans from all other 
previous Main population space. 
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Fig: Idleman, Expression and Unlabeled expression (gene) from Computational Mind Model



International Journal of Advanced Computational Engineering and Networking, ISSN: 2320-2106,  Volume-2, Issue-4, April-2014 

A Dynamic Behavior Based Parallel Genetic Algorithm 
 

43 

IV.   COMPUTATIONAL MIND MODEL 
 
   A simple and abstract Computational Mind Model 
is being discussed here. This model shows a Conical 
representation of Mind consisting of four sections 
with a hierarchical representation of five levels of 
Mind Model. Some propositions about the Sections 
and the Levels of the Computational Mind Model are 
given here.These are very practical propositions. 
Although there is no exact proof supporting these 
propositions, it is strongly recommended that these 
propositions would become very important AI 
foundations in the future. The four sections are: 

 Creation 
 Existence 
 Delete/Destroy 
 Comprehension 

    Creation is the initialization and development of 
any states in Mind. It also accounts for the 
manifestation of behaviors in Mind. Existence is the 
maintenance, working or the life span of any states 
and behaviors in the Mind. Delete/Destroy is the 
removal or destroying of some or whole parts of any 
states and behaviors. Comprehension is the 
understanding, analysis, abstraction, reasoning 
(logical or non-logical), prediction of the various 
states and behaviors in the Mind. 
   The five levels of the abstract Computational Mind 
Model are: 

 System 
 Immediate Surroundings 
 World 
 Universe 
 Beyond 

   System is the level in which the Mind is confined to 
System Body itself. Immediate Surroundings is the 
level in which the Mind is confined to the System and 
its immediate surroundings. World is the level in 
which the Mind is confined to the System Body, its 
immediate surrounding and the vast environments 
around it. Universe is the level in which the Mind is 
confined to the System body, its immediate 
surroundings, its vast environments and also 
remaining environments which is distant from the 
System body in every scales and very difficult to 
reach and interact. Beyond is the last level in which 
the Mind is confined to the System, Immediate 
Surroundings, World, Universe where the Mind 
reaches the stage of Intelligent where the states and 
behaviors cannot describe it or the probability of 
describing the intelligent states becomes infinitely 
less. 
 

1) Dynamic Fitness Function 
Generalization: 

 At time,t=t0,there is a fitness function F(x0) 
such that  
      
F(x0) = f(x1) - g(x2), 0≤g(x2)≤f(x1) -------------- (a) 
                   Where f(x1) = completely fitting function 

          g(x2) = fitness constraint violating function 
Let us assume that an AI system produces a fitness 
function P(y0) at time t=t0 which is an AI function. 
Let the stimuli function at time t=t0 be B(z0) which is 
another AI function. 
         Now, we get 
F(x0) =F(P(y0),B (z0)) ------------------------------(b) 
Since fitness is calculated in response to stimuli, 
function is not responsible for fitness violation. So, 
P(y0) is responsible for fitness constraint violation at 
time,t=t0. 
That is, 
g(x2)=g(P(y0))-----------------------------------------------
---- (c) 
So, g is a function of the previous fitness function, 
that is, fitness function at time t=t0-a, where a = unit 
time. 
From (a), (b) and (c), we get 
   F (P (y0) , B(z0)) =  f(x1) - g(P(y0)) ,0≤g(P(y0))  
≤f(x1) ----------------- (d) 
Now, 
  F(x) = F(x0) at time t=t0 
          = F(x1) at time t=t1 
          =F(x2) at time t=t2 
          =F(x3) at time t=t3 
          ………………….. 
           =F(xn) at time t=tn 
 
Limiter function decides the stability of the Genetic 
Algorithm. Fitness functions are like continuously 
puzzle pieces trying to fit into a puzzle box. 
A. Conscious State From the Computational Mind 

Model 
       Let’scut through the Computational Mind Model 
in Fig 1 in such a way that a plane passes through the 
Conical Section of the Model such that, if a point on 
the surface of the Conical Section is touched by the 
plane, then its opposite pair on the other side of the 
Conical Section is also touched by it. Then a very 
thin slice of the cone is cut off by the plane by 
passing it through it twice. This slice is called the 
Conscious state of the System. 
 
B. Calculating Computational Efficiency of Mind 

From Computational Mind Model  
       Let us take two functions f(x) and f(y) where f(x) 
takes inputs x and produces the output =”I am 
hungry” in Mind and f(y) takes the input y and 
produces the output =”Food is tasty”. Let us take 
another function f (z) where f (z) takes z as input and 
produces the output = “I am not hungry.”  
       f (x), f(y) and f (z), each of them, should have all 
the sections of the Computational Mind Model 
present in them. The Sections are interfaced with one 
another in each and every function present .Let us 
take an example. f (x) has the four Sections ,that is, 
Creation, Existence, Delete/Destroy, Comprehension 
interfaced with one another, also f(y) has its four 
Sections interfaced with one another. It also 
interfaces with the interfaces of f (x). f (z) has also 
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the same. As we know each of them has exactly six 
interfaces. When f(x) interfaces with f(y), it gives a 
new function f(r) where output=”I eat” 
(suppose).Now f(r) has 36 interfaces. Again when f(r) 
interfaces with f (z), it gives a new function f(s) 
where output =”I am Full” (suppose). Now it has 216 
interfaces. So the number of interfaces increases in 
the sequence 61, 62, 63, 64…6x   where x is the number 
of functions being interfaced in sequence. 
       Now we delete the function f(x). But later, we 
want to obtain the output “I am hungry”. We can 
obtain the output from the interfaces f(x) had with 
other functions. So these interfaces act as abstract 
functions which can be overridden by the specific 
input for f(x) to get the output “I am hungry”. That is, 
as long as the interfaces are present, at least one, it is 
possible to obtain the approximate output from the 
specific function even if the function itself is deleted. 
      We say the computational efficiency of a single 
function f(x) is 6 as it has 6 interfaces which can 
produces 6 distinct outputs. For f(r), it is 36; for f(s), 
it is 216 and so on. Now we can derive the conclusion 
that the computational efficiency of the mind with 
respect to the Computational Mind Model is 6x where 
x is the number of functions being interfaced in 
sequence. 
 

1).   Correlating it to the AI System: 
Now we can design an AI machine satisfying all the 
constraints of the Computational Mind Model. So we 
can define some of the prerequisites of an AI machine 
as: 

 All the functions in the System are 
interfaced with one another 

 Each and every function can act as 
the abstract function and give the 
approximate output in case a 
function is deleted but want its 
output that is they can give a new 
function which can produces the 
required output in response to the 
specific input. 

 A function interface with another 
function produces a new function 

 A function interface with an 
interface of another function 
produces a new function. 

 The computational efficiency of the 
AI system should be ≥ 6x 

 It should follow the definition of the 
conscious state defined by the 
Computational Mind Model that 
each and every function does not 
have independent existence and each 
of them has the four Sections with 
the optional presence of higher 
Levels. 

 
V.    SYSTEM APPROACH 

       The System Approach of the AI System basically 
consists of AI Algorithm and Functions. These 
Functions are dynamic in nature in the sense that they 
always form distinct interfaces with the neighboring 
function interfaces and they have the tendency to do 
it. That is, they have the higher probability to form 
interfaces with its neighboring interfaces. Let us take 
an example. Let’s bring in a concept in Micro-Neuron 
anatomy. “*There are roughly around 10 billion 
neurons in the brain, each of which is connected, on 
average, to about ten thousand other neurons. That 
makes brain extremely complex. It’s like the size of 
India which has a population of about a million(say) 
and giving each man, woman and children a thousand 
pieces of string with instructions to find a thousand 
distinct people   to hold to the other end of each 
string. This increases complexity by the order of 
magnitude.” The “Function” termed here possess the 
same ability. That is, each Function forms interfaces 
with thousands of other distinct Functions. So it 
forms a huge and complex Network. 
      The AI Functions discussed here has the 
Branching nature to form sequential interfaces with 
other Functions. From the above, the computational 
efficiency of f(x) and f(y) is as follows: 
                       [f (x) + f(y)] ≤ f  (r) -----------(a) 
        Equation (a) is true as the computational 
efficiency of f(r) increases by the order of magnitude. 
Now let us derive the equation governing the AI 
functions: 
 

 
 

Fig 2. System Approach of the AI System (From 
Computational Mind Model) 

 
f0 (x0) +f1(x1) ≤ g0(z0)  -------------------------------
---(1) 
f0 (x0) +f1(x1) + f2(x2) ≤ g1(z1)-----------------------
---(2) 
f0 (x0) +f1(x1) + f2(x2) + f3(x3) ≤ g2(z2) -------------
---(3) 
f0 (x0) +f1(x1) + f2(x2) + f3(x3)  +f4(4)≤ g3(z3) -----
---(4) 
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…………………………………………………
…….. 
f0(x0) +f1(x1) + f2(x2) + f3(x3)  +…+fn+1(x n+1 )≤  
gn(zn)-----(n+1) 
Adding equations (1), (2), (3), (4)….up to (n+1), 
we get 
(n+1)f0(x0) + n*f1(x1) + (n-1)f2(x2) + (n-2)f3(x3)  
+…+f n+1 (x n+1 )≤ g0(z0) + g1(z1) + g2(z2) + 
…+gn(zn)------(A) 
Then there are always at least two new functions 
h(s) and k ( r ) such that 
h (s) +f n+1 (z n+1 )  ≤ k(r)  
Where 
 h (s) = (n+1)f0(x0) + n*f1(x1) + (n-1)f2 (x2) + (n-
2)f3(x3)  +…+ 2* fn(xn) 
k (r) = g0(z0) + g1(z1) + g2(2) + …+gn(zn) 
 

 
Relation between Fitness function and Stimuli 
 
A. Decision Making with the Computational 

Mind Model strategy 
      Let there be n AI Functions f1(x1), f2 (x2),f3 
(x3),f4(x4)….fn(xn). Each Function is having interfaces 
with the interfaces of the other Functions. Let us say, 
f1(x1) produces the output “Good.” Now we want to 
obtain the output from the interfaces. The interfaces 
can give us various related outputs such as better, 
bad, not so well, not so better, good and so on. Now 
we count how many of the Function interfaces can 
give the highest frequency of a given output. The one 
which gives the highest frequency of the output, the 
probability that itsoutput will be taken as the final 
output is the highest. The second next highest, the 
third next highest and so on.  
Fitness function and Stimuli at time, t=t0 interface to 
produce the next fitness function for the Idleman at 

time t=t1 .  AI functions interfacing is explained in the 
Computational Mind Model Theory in the Paper “A 
Step towards the Perfection of an Intelligent 
Machine”  
Idleman is intelligent but sample data in unlabeled 
expression level is not intelligent. So, in order to get 
the more accurate and more detail solutions about any 
type of problem, we need to make the data intelligent 
first and start finding our optimum solutions. 
 
CONCLUSIONS 
 
The Dynamic Behavior based Parallel Algorithm 
proposed here is a practical approach to solving 
any kind of optimization problem which is based 
on a set of random behaviors and stimuli. The 
algorithm is under study. This algorithm needs a 
lot of help and encouragement from various 
potential AI researchers in order to implement 
the proposed problems completely. 
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