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Abstract: 
 

     The population based approach of GA allows large jumps in the search space. However 
GAs has not proved successful for graph coloring because of the large degree of symmetry of 
the solution space. In fact, because of this symmetry mismatch it is very unlikely to produce a 
fit offspring when combining two good solutions. Thus GAs are often considered on 
inappropriate approach for problems such as graph coloring with a highly degenerate 
objective function. In order to compensate for this degeneracy we have applied Bitstream 
neuron (Boltzmann Machine) to the solution obtained from GA. Unlike traditional 
approaches of GA and ANN the proposed hybrid algorithm is guaranteed to have 100% 
convergence rate to valid solution with no parameter tuning. Experiments of such a hybrid 
algorithm are carried out on large DIMACS Challenge benchmark graphs. Results prove 
very competitive.   Analysis of the behavior of the algorithm sheds light on ways to further 
improvement. 
 

1. Introduction 
 
Proper coloring of a simple, symmetric and connected graph is a classical problem. 
Here we are dealing with m–colorability optimization problem. The problem asks for 
the smallest integer m for which the graph G = (V, E) with vertex set V and edge set 
E, can be colored properly. This minimum integer is called the chromatic number 
χ(G). A k-vertex coloring of any graph G is an assignment of k–colors 1, 2, 3,……k 
to the vertices of G.  
The reasons why the graph coloring problem is important, are twofold. First, there are 
several areas of practical interest, in which the ability to color an undirected graph 
with a small number of colors as possible, has direct influence on how efficiently a 
certain target problem can be solved. Such areas include, timetable scheduling [1], 
examination scheduling [2], register allocation [3], printed circuit testing [4], 
electronic bandwidth allocation [5], microcode optimization [6], channel routing [7], 
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the design and operation of flexible manufacturing systems [8], computation of sparse 
Jacobian elements by finite differencing in mathematical programming [9], etc. 
The other reason is that, the graph coloring problem has been shown to be 
computationally hard at a variety of levels: not only its decision problem variant is 
NP-complete [10], but also its approximate version is NP-hard [11]. 
These two reasons are important enough to justify the quest for heuristics to solve 
graph coloring problem, and to pace it together with the favorite problems on which 
new metaheuristics are tested. 
Heuristics in optimization is any method that finds an ‘acceptable’ feasible solution in 
reasonable time. Local search procedure based heuristics most of the time terminates 
with local optima. Randomization and restarting approaches is in need to overcome 
the local optima problem. Among the existing heuristic approaches for the graph 
coloring we propose a hybrid algorithm of Boltzmann Machine of Artificial Neural 
Network with Genetic Algorithm (GA) to implement. Both of this method is very 
suitable to implement randomization and restarting approaches. Genetic algorithm is 
an evolutionary approach which does not have the above said problem but it cannot 
guaranty the optimal solution. Hopfield neural network the most common and 
generally used artificial neural network itself has local optimum problem that is the 
reason to select Bitstream neuron model of ANN. 
The purpose of the selection of GA is the power of GA to give different partial or 
probable solutions. GA itself or with some modification can solve GCP. GA were 
introduced not to solve a particular problem but to investigate the effects of natural 
adaptation in stochastic search algorithms. It consists of a population of possible 
problem solutions that get refined over time through selection, crossover and mutation 
operator. Fitness function has a crucial role in GA that evaluates the quality of the 
solution calculating fitness of a solution. GA evaluates a population of N solutions; it 
also evaluates a much larger number of partial solutions. It does this job without 
spending more than N fitness function evaluations. The general scheme of a GA is 
discussed in different papers. 
In Shawe-Taylor and Zerovnik[12] introduced the Generalized Boltzmann Machine 
(GBM) as an extension to the Boltzmann machine that enables us to map constraint 
problems, requiring more than two states, onto a recurrent neural network.  In this 
paper, we extend the use of bitstreams from the bi-polar, stochastically connected 
Boltzmann machine  to a recurrent network of stochastically connected multi-state bit 
stream neuronsWe initiate Bitstream with the outcome of GA. The job of the ANN is 
to refine the solution to the desired level. The ANN is characterized by its pattern of 
connections between the neurons ( called its architecture ), its method of determining 
the weights on the connections ( called its training or learning algorithm ), and its 
activation function. There are several areas where ANN is already in use. Few to 
mention are Function approximation including fitness approximation, classification 
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including pattern and sequence recognition and sequential decision making, data 
processing including filtering clustering, robotics etc. There are several models that 
include ANN, and we select Boltzmann Machine (BM). The Boltzmann distribution 
has some beautiful mathematical properties and it is intimately related to information 
theory. In particular, the difference in the log probabilities of two global states is just 
their energy difference. The equilibrium distribution is independent of the path 
followed in reaching equilibrium are what make Boltzmann machines interesting. 
 

2. Previous work 
 

If we look into previous work on heuristic, we find metaheuristic approach  for search 
where particle swarm algorithm used. The particle swarm algorithm adjusts the 
trajectories of a population of particles through a problem space on the basis of 
information about each particle’s previous best performance and the best previous 
performance of its neighbors. The proposed paper is a reworking of the algorithm to 
operate on discrete binary variables. In the binary version trajectories are changes in 
the probability that coordinate will take on zero or one value. Trajectories are defined 
as changes in position on some number of dimensions [13]. The way ant colonies 
function suggests an approach to stochastic combinatorial optimization. The 
characteristics of the proposed approach are positive feedback accounts for rapid 
discovery of good solutions; distributed computation avoids premature convergence; 
and the greedy heuristic helps find acceptable solutions in the early stages of search 
process. Traveling salesman problem solved by this approach also compared with 
Tabu search and Simulated annealing [14]. The work presents a heuristic technique 
that combines Learning Automata (LA) with Random Walk (RW) for solving the 
decision variant of GCP. The approach is Traditional random walk with LA based 
learning capability encoding the GCP as a Boolean Satisfiability Problem. The 
experiments demonstrate that the Learning Automata significantly improve the 
performance of RW [15]. Q’tron Neural Network for GCP is one of the approaches 
that built as a known-energy system. It can make Local-minima-free and perform the 
goal-directed search. Implementation is on DIMACS through continuous refinement 
of the goal [16]. The work adopted multilevel cooperative search heuristic to solve the 
graph coloring problem. Multilevel cooperative search is a meta-heuristic based on 
information shared among concurrently executing search algorithms and different 
representation levels of the solution space. Information sharing and the multilevel 
representation combined with frequent re-starts of the local search algorithms can be 
used to compensate for the lack of gradient in cost functions. Re-starts are based of 
graph coloring solutions projected from a high level representation of the solution 
space to a lower level. This search technique is a parallel algorithm, one algorithm per 
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level of representation [17]. Multiple-restart quasi-Hopfield network is also been 
proposed for this problem where only problem-specific knowledge is embedded in the 
energy function that the algorithm tries to minimize. It is an up-gradation of their 
previous work on this field. They used k-state neurons instead of binary neurons, that 
reduces the number of connections in the network [18]. A model called the Integer 
Merge Model has been proposed which aims to reduce the time complexity of graph 
coloring algorithms. They also claim that the model provide information that will help 
to create heuristics that works faster. They used it in the complete algorithm 
DSATUR, and in two version of an incomplete approximation algorithm; an 
evolutionary algorithm and the same evolutionary algorithm extended with guiding 
heuristics. Integer Merge Operation attempts to minimize the number of color if two 
nodes are not connected by a normal edge or a hyper edge [19]. The proposed DNA 
algorithm based on surfaces for the graph coloring problem is presented which is easy 
to implement and error-resistant as they claim. According to their approach first 
whole combinatorial color assignments to the vertices of a graph are synthesized and 
immobilized on a surface; then a vertex is legally colored while those adjacent to it 
with illegal colors are deleted; and the cycle is repeated until finally the correct color 
assignments to the graph are reached [20]. 
Genetic algorithm proved to be a good approach where large pools of trivial solutions 
are created satisfying the constraints of the problem. We found different 
implementation of GA on graph coloring during past long years. A proposed work 
shows a stochastic search by a genetic algorithm is employed to find a near optimal 
solution for the node partitioning problem that includes graph coloring problem. The 
solution representation by elegant data structure, together with genetic operations and 
selection policies employed in the GA procedure are presented. This work does not 
require the number of disjunct node sets to be given a priori. The real life problem 
VLSI design is solved through this above mentioned algorithm [21]. Genetic local 
search algorithm for graph coloring problem is been proposed in another work. The 
algorithm combines and original crossover based on the notion of union of 
independent sets and a powerful local search operator (tabu search). This hybrid 
algorithm allows improving results of some large instances of Dimacs benchmarks 
[22]. The proposed symmetry breaking approach presents a genetic algorithm that 
breaks the symmetry of the graph coloring problem by fixing the colors of the nodes 
in large clique of the graph. They breaks the symmetry by applying GAs in cyclic 
permutations evolve populations where almost all individuals have the color of pivot 
node fixed. They claim the feature reduces the search space by one dimension [23]. 
The proposed hybrid genetic algorithm combines the global search power of GA with 
local search power of local optimization algorithm. Here each GCP solutions called 
phenotype is presented isomorphic genotypes conceptually. A metric function 
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between two phenotypes is defined by the least hamming distance between the 
corresponding sets of isomorphic genotypes. A new crossover technique named 
Harmonic Crossover is proposed in this work. The phenotypic distance between two 
parents is also used to predict promising regions in the problem space. The local 
optimization algorithm is applied only in the most promising regions restrictedly and 
intensively [24]. A new evolutionary formulation of the graph coloring problem was 
introduced based on the interplay between orderings and colorings of vertices. The 
formulation breaks symmetry in the solution space and provides opportunities for 
combining evolutionary and other search techniques. The formulation used the 
relationship between a graph’s chromatic number and its acyclic orientations. The 
algorithm experimented on DIMACS computational challenge graphs [25]. The 
application of parallel genetic algorithms for solving graph coloring problem with 
message passing paradigm is being used as an implementation tool in the proposed 
work. In message passing processes exchange data with one another by sending 
messages. This method of implementing parallel is very flexible, universal, portable 
to various architectures and can be highly efficient as claimed. This approach involves 
execution of an evolutionary algorithm on numerous processing units that improve 
GA’s performance. The parallelization is being achieved by creating number of 
separate populations which exchange genetic information during migration process 
[26].  
Artificial neural network also used in different way to solve graph coloring problem; 
we are going to mention few of them. A parallel algorithm based on the McCulloch-
Pitts binary neuron model and the Hopfield neural network is one of the proposed 
work that solves four coloring map problems and k-colorability problems. The work 
shows the computational energy is always guaranteed to monotonically decrease with 
the Newton equation. They tested their algorithms through large number of simulation 
runs [27]. The proposed work presents a new algorithm using a maximum neural 
network model to k-color vertices of simple undirected graph. They claim the 
algorithm guaranteed to converge to valid solutions with no parameter tuning needed 
[28]. A proposed work that efficiently approximate MAX-CLIQUE in a special case 
of the Hopfield network whose stable states are maximal cliques. The work includes 
several energy-descent optimizing dynamics; both discrete and continuous. There is 
comparison with Mean-Field Annealing – an efficient approximation to Simulated 
Annealing – and a stochastic dynamics. They show all dynamics approximate much 
better than one which emulates a ‘naive’ greedy heuristic [29]. In a graph coloring 
solution using Hopfield Neural Network, they implemented this algorithm using 
FPGAs, which is defined by VHDL. Their algorithm supports parallel execution. 
They used Hill Climbing method to avoid Local minima problem that is obvious in 
Hopfield Neural Network. Their work is good for small graph. Time complexity is not 
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dependent on the size of graph in most of the cases. But this implementation has a 
limitation of working with large graph. To work on huge graph they need to 
implement huge number of neurons that need huge number of gates. They took some 
randomly generated graph of small size, neither well known standard graph nor big 
graph that has big number of vertex and edges [30]. A hardware based approach 
which can overcome the limitation of number of neurons and interconnection required 
for Hopfield net based approaches. This network uses only N neurons and N2 weights 
for N nodes. They used amplifier and comparator in proper way with the help of 
resistance and capacitance. They applied Kirchhoff’s current law to few nodes. The 
monotonic function used to manipulate operation, different term used to perform 
different job, one to minimize color values, another to define different coloring of 
adjacent nodes. Time function is actually Lyapunov function for the network that 
causes dynamics of the network to converge local minimum from the arbitrary initial 
state [31]. 
Previous work on Boltzmann Machine are like the Mean field approach to learning in 
BM, which minimizes computational complexity of exact algorithm. Change in 
complexity is from exponential to cubic in the number of neurons. In this approach 
gradient descent procedure is not being used for learning process instead weights are 
computed directly from the fixed point equation. It is shown that the result is close to 
optimal solutions and give significant improvement over the naive mean field 
approach  [32]. Multi State Bitstream Neuron introduced by replacing stochastic 
activation function with stochastic weights. MSBSN is shown to approximate a 
Generalised Boltzmann Machine and it is compact and easy for fast hardware 
implementation. It is a recurrent network of stochastically connected multi-state bit 
stream neurons [33]. The proposed parallel algorithm for the boltzmann machine is 
new synchronously parallel algorithms for the BM. This is independent of the 
connection pattern and the equilibrium distributions are the Gibbs distributions. 
Solution of the optimization problems is guaranteed [34]. A natural method is to use 
stochastic weights rather than stochastic activation functions; where the proposed 
work introduce a new model in which each neuron has very simple functionality but 
all the weights are stochastic. It is shown that the stationary distribution of the 
network uniquely exists and it is approximately a Boltzmann- Gibbs distribution when 
the size of the network is not too small. A new technique to implement simulated 
annealing is also proposed and the power of network is comparable with that of a 
Boltzmann Machine [35]. An unsupervised learning algorithm for a stochastic 
recurrent neural network based on BM architecture is proposed. The maximization of 
the Mutual Information between the stochastic output neurons and the clamped inputs 
is used as an unsupervised criterion for training the network. The resulting learning 
rule contains two terms corresponding to Hebbian and anti-Hebbian learning. Using 
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that optimal non-linear and recurrent implementation of data compression of boolean 
patterns are obtained [36]. The proposed work defines a new neuron structure to be 
implemented on Generalised Boltzmann Machine (GBM). In this neuron stochastic 
weights replaced the stochastic activation function, they termed this neuron as Multi 
State Bitstream Neuron ( MSBSN). According to their algorithm the Graph Coloring 
problem maps directly to GBM. They used negative identity matrix converted weight 
matrix associated with each graph edge. Stopping criteria is energy function and 
Boltzmann temperature. Their experiments includes generated graph with vertex 
range 50 to 400, no benchmark graph is used to test the algorithm. They didn’t 
provide any table of result of the experiments. They demand the algorithm is capable 
of solving different optimization problem and easy to hardware implementation as 
well [38]. 
 

3. Our work 
 

As mentioned earlier our work proposed a way to color a graph satisfying the coloring 
constraints. To discuss the basic definitions and concepts of Graph, let G=(V,E) be an 
simple undirected graph where V= {v1,v2,…} is the set of elements called vertices in 
G, and E={e1,e2,…} is the set of elements called edges in G, each element of the set 
E can be identified by any unordered pair of vertices. The vertex set of a graph G is 
referred to as V(G) and its edge set as E(G). Obviously, V ∩ E = Φ. An edge {x,y} is 
usually written as xy. A vertex v is incident with an edge e if v ∈ e. The two vertices 
incident with an edge are its endvertices. Two vertices connected by an edge are 
called adjacent vertices and neighbours. In a graph, for an edge if the end vertices are 
same, then it’s called self loop; if more than one edge have same end vertices, then 
they are called parallel edges. The set of all neighbors of a vertex v in G is the 
neighborhood of G and is denoted NG(v), or simply N(v). The degree dG(v) = d(v) of 
a vertex is the number of edges to which it is incident. If G is a graph, then this is 
equal to the number of neighbors of v. The maximum degree of G is Δ(G) = max 
{dG(v) ⏐ v ∈ V(G)}. The minimum degree of G is δ(G) = min {dG(v) ⏐ v ∈ V(G)}. 
Conventionally, we write δ and Δ instead of δ(G) and Δ(G). We are going to consider 
vertex coloring problem of the graph. Our algorithm starts with input of a graph from 
text file. Job starts with creation of adjacency matrix from input.  
Our algorithm starts with Genetic Algorithm (GA). GA were introduced by Holland 
in 1970s [20] not to solve a particular problem but to investigate the effects of natural 
adaptation in stochastic search algorithms. Gas consists of a population of possible 
problem solutions that get refined over time through selection recombination and 
mutation. The general scheme of a GA discussed in different papers [15,16]. The 
general scheme of GA can be given as follows:  
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begin 
    INITIALIZE population with random candidate solutions; 
    EVALUATE each candidate; 
    repeat 
        SELECT parents; 
        RECOMBINE pairs of parents; 
        MUTATE the resulting children; 
        EVALUATE children; 
        SELECT individuals for the next generation 
    until TERMINATION-CONDITION is satisfied 
end                                                                                                                                                        
The scheme of GA falls in the category of generate-and-test algorithms. The 
evaluation function represents a heuristic estimation of solution quality and the 
variation and the selection operator drive the search process. The most important 
components in a GA consist of: 
  + representation (definition of individuals) 
  + evaluation function (or fitness function) 
  + population 
  + parent selection mechanism 
  + variation operators (crossover and mutation) 

  + survivor selection mechanism (replacement) 

Encoding/Representation 
The application of a genetic algorithm to a problem starts with the encoding. The 
encoding specifies a mapping that transforms a possible solution to the problem into a 
structure containing a collection of decision variables that are relevant to the problem 
at hand. A particular solution to the problem can then be represented by a specific 
assignment of values to the decision variables. The set of all possible solutions is 
called the search space, and a particular solution represents a point in that search 
space. 

Fitness function 
Coming up with an encoding is the first thing that a genetic algorithm user has to do. 
The next step is to specify a function that can assign a score to any possible solution 
or structure. The score is a numerical value that indicates how well the particular 
solution solves the problem 1. Using a biological metaphor, the score is the fitness of 
the individual solution. It represents how well the individual adapts to the 
environment. In this case, the environment is the search space. The task of the GA is 
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to discover solutions that have high fitness values among the set of all possible 
solutions. 
 
Population 
The role of the population is to hold possible solutions. A population is a multiset of 
genotypes means a group of chromosomes/individuals. A population thus forms a set 
of solutions for the problem. Each individual xi corresponds to a fitness value f(xi). 
For example, in maximization problem a large value of fitness allows the better 
chance of selection for reproduction of the individual and hence is better for surviving 
in the environment. 
 
Parent Selection Mechanism 
The role of parent selection (mating selection) is to distinguish among individuals 
based on their quality to allow the better individuals to become parents of the next 
generation. 
Parent selection is probabilistic. Thus, high quality individuals get a higher chance to 
become parents than those with low quality. Nevertheless, low quality individuals are 
often given a small, but positive chance; otherwise the whole search could become 
too greedy and get stuck in a local optimum. The effect of selection is to return a 
probabilistically selected parent. Although this selection procedure is stochastic, it 
does not imply GA employ a directionless search. The chance of each parent being 
selected is in some way related to its fitness such as fitness based, rank based, or 
tournament based selection. 
 
Variation Operators 
Once the encoding and the fitness function are specified, the user has to choose 
selection and genetic operators to evolve new solutions to the problem being solved. 
The selection operator simulates the “survival-of-the-fittest”. There are various 
mechanisms to implement this operator. In order to explore new solutions, the GA 
relies mainly on two variation operators: crossover and mutation. 
 
Crossover Operator 
A binary variation operator is called recombination or crossover. This operator 
merges information from two parent genotypes into one or two offspring genotypes. 
Crossover works by pairing members of the population and mixing pieces of one 
solution with pieces of another solution. The original pair of individuals is called the 
parents, and the resulting pair of individuals is called the children. This operator is 
typically applied with a high probability and is responsible for most of the search 
performed by the GA. However, that there are many types of crossover operators. The 
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key idea is to exchange pieces from one solution with pieces of another solution. 
There are different types of crossover, and they are one-point, two-point and uniform 
corssover. 
 
Mutation Operator 
A unary variation operator is called mutation. It is applied to one genotype and 
delivers a modified mutant, the child or offspring of it. In general, mutation is 
supposed to cause a random unbiased change. Mutation has a theoretical role: it can 
guarantee that the space is connected. 
 
Survivor Selection Mechanism 
The role of survivor selection is to distinguish among individuals based on their 
quality. In GA, the population size is (almost always) constant, thus a choice has to be 
made on which individuals will be allowed in the next generation. This decision is 
based on their fitness values, favoring those with higher quality. 
 
The Genetic Algorithm (GAGCP) creates initial population of chromosomes by 
coloring vertices randomly. Algorithm contains a fitness function that checks fitness 
of the chromosome that counts number of color used to color the chromosome. 
Depending on the crossover probability we will implement crossover operator on two 
random pair of chromosomes to create new offspring. Depending on the mutation 
probability we will implement mutation operator on randomly selected chromosome. 
After some iteration of this process we will select some best chromosome based on 
there fitness values to create a good population to work further. Algorithm is given 
below: 
 

Algorithm GAGCP 

INPUT: Total no. of vertices, total no. of edges and vertices that create edges from 

file and create adjacency matrix of the graph with number of vertices 

Step 1) Create random initial pool of chromosomes (population), using n no. of colors 

Step 2) Calculate the fitness of the pool 

Step 3) Sort the chromosomes of the pool in ascending order of their fitness value 

Step 4) Pbest  = best individual 

Step 5) For generation = 1 to max_iteration 

Step 5.1) If the crossover probability pc < = 0.4   
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Step 5.1.1) Perform crossover between any two random pair of 

chromosomes  

Step 5.2) If the mutation probability pm < = 0.6   

Step 5.2.1) Randomly choose one chromosome from the pool  

  Step 5.2.2) Apply n_mutation to the chromosome  

Step 5.3) Calculate the fitness of the pool new offspring generated by 

crossover and mutation 

Step 5.4) Take improved chromosomes for next generation 

Step 6) Output the best coloration 

In our next phase of algorithm we implement artificial neural network, based on 
Boltzmann Machine model which we will call ANNGCP. Based on the fitness value 
we will select chromosomes one by one from the population. A Boltzmann machine, 
like a Hopfield network, is a network of units with an "energy" defined for the 
network. It also has binary units, but unlike Hopfield nets, Boltzmann machine units 
are stochastic. The global energy, E, in a Boltzmann machine is identical in form to 
that of a Hopfield network: 

 

Where: 

• wij is the connection strength between unit j and unit i. 
• si is the state, , of unit i. 
• θi is the threshold of unit i. 

The connections in a Boltzmann machine have two restrictions: 

• No unit has a connection with itself. 
• . (All connections are symmetric.) 

Thus, the difference in the global energy that results from a single unit i being 0 

versus 1, written ΔEi, is given by: 
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A Boltzmann machine is made up of stochastic units. The probability, pi of the i-th 
unit being on is given by: 

 
where the scalar T is referred to as the temperature of the system. The functional unit 

of neural network; where all signals processed by bit stream neurons are real values 

represented by ‘stochastic bits streams’. A ‘stochastic bit stream’ is simply a random 

binary sequence which has value 1 or 0. It can be used to represent an analog quantity 

in various ways. A common method is the linear mapping from the quantity to the 

probability of the bit in stream being 1. We call such a bit stream a Bernoulli 

sequence. The generation of digital bit streams modulated to convey arbitrary 

probability values.  

A stochastic bit stream neuron is processing unit which carries out very simple 

operations over its input bit streams. All input bi streams are combined with their 

corresponding weight bit streams and then the weighted bits are summed up. The final 

total is compared to a threshold value. If the sum is not less than the threshold the 

neuron gives an output 1, otherwise 0.  

The activation function of a Bit Stream Neuron can be computed under the 

assumption that the input and weight bits are all independently generated. For every 

weighted input line i we represent its net contribution by a random variable Xi , which 

has the following probability density function. 

 
Where wi Є [-1,1] is the corresponding weight value and vi Є [0,1] the input value. 
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We need to create two matrixes for Boltzmann Machine is state matrix and another 
matrix for color to vertex mapping. We will calculate energy of network based on the 
state matrix that represents states of the vertices at a particular time. This will be 
considered as the parameter of terminating condition of the iteration. In different 
phases of the algorithm we introduced stochastic behavior like vertex selection for 
checking improper coloring, selection of the procedure to make proper coloring, 
selection of color. We introduced another procedure to minimize the color that is 
color compaction where minimum color value will be replaced with maximum color 
value and vice-versa for few repetitions.  
We executed GA on this to have a set of possible solution, and then tried to get best 
coloration from each chromosome of the pool of chromosomes through ANN. Our 
algorithm is given below:  
 
Algorithm ANNGCP 
 
Step 1) Select a possible solution from the set of coloration created by GAGCP 

Step 2) Create a matrix for color to vertex mapping  

Step 3) Create state matrix and energy calculation function 

Step 4) Repeat until energy is minimized 

   Step 4.1) Repeat until valid coloration is achieved 

       Step 4.1.1) Select a vertex randomly 

       Step 4.1.2) Check adjacent vertex for same color 

       Step 4.1.2.1) Increment adjacent vertex color depending on probability, (if 

color value reach the maximum value, initialize with minimum 

value) or assign a random color to that vertex. 

Step 4.1.2.2) Update weight vector, state matrix and matrix for vector color 

mapping 

 Step 4.1.2.2) Collect the values that we are replacing 

   Step 4.2) Count color and energy of new coloration 

   Step 4.3) Find highest replaced color and replace with selected vertex depending on 

the probability or replace with new randomly selected color 

   Step 4.4) Short weight vector 

   Step 4.5) Repeat color compaction to minimize no. of color 
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  Step 4.5.1) Replace minimum color value of the vertices with highest color 

value and maximum color value with minimum color value 

alternatively. 

 
4. Experimental Result 

 
Experimental results we got after executing the program that implements the proposed 
algorithm on different benchmark graphs. We considered different type of graphs of 
different complexity level and size. Every graph has some specification and 
reason to be special, few to mention like Game Graphs which is a graph 
representing the games played in a college football season can be represented by a 
graph where the nodes represent each college team. Two teams are connected by an 
edge if they played each other during the season. Knuth gives the graph for the 1990 
college football season. Miles Graphs are those graphs that are similar to geometric 
graphs in that nodes are placed in space with two nodes connected if they are close 
enough. These graphs, however, are not random. The nodes represent a set of United 
States cities and the distance between them is given by road mileage from 1947. 
These graphs are also due to Knuth. Queen Graphs is described as an n x n 
chessboard, a queen graph is a graph on n2 nodes, each corresponding to a square of 
the board. Two nodes are connected by an edge if the corresponding squares are in the 
same row, column, or diagonal. Unlike some of the other graphs, the coloring 
problem on this graph has a natural interpretation: Given such a chessboard, is it 
possible to place n sets of n queens on the board so that no two queens of the same set 
are in the same row, column, or diagonal. The answer is yes if and only if the graph 
has coloring number n. Book Graphs, given in a work of literature, a graph is created 
where each node represents a character. Two nodes are connected by an edge if the 
corresponding characters encounter each other in the book. Knuth creates the graphs 
for five classic works: Tolstoy's Anna Karenina (anna), Dicken's David Copperfield 
(david), Homer's Iliad (homer), Twain's Huckleberry Finn (huck), and Hugo's Les 
Mis\'erables (jean). 
 
All these algorithms have been implemented in ANSI C and run on a Xeon 2.4GHz 
machine with 1GB of RAM running the Linux operating system. We have considered 
the population size as 10. The no_of_iteration for both the two mutations was set to 
150 after trial and error. The question mark (?) given in different places of the Table 1 
is to define unavailability of the value. Table 1 contains set of sample result to show 
the performance of the proposed algorithm. 
 

Table 1. Performance Analysis. 
 

SL. 
No. Instances V E X(G) Best 

Known ANNGCP

1 1-FullIns 5.col.b, CAR 282 3247 ? 6 6 
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2 2-FullIns 5.col.b, CAR 852 12201 ? 7 11 
3 3-FullIns 4.col.b, CAR 405 3524 ? 7 7 
4 5-FullIns 4.col.b, CAR 1085 11395 ? 9 11 
5 2-Insertions 3.col.b, CAR 37 72 4 4 4 
6 2-Insertions 4.col.b, CAR 149 541 4 5 5 
7 3-Insertions 5.col.b, CAR 1406 9695 ? 6 6 
8 anna.col.b, SGB 138 493 11 11 11 
9 David.col.b, SGB 87 406 11 11 11 

10 Games120.col.b, SGB 120 638 9 9 9 
11 Homer.col.b,SGB 561 1629 13 13 13 
12 Huck.col.b, SGB  74 301 11 11 11 
13 Jean.col.b,SGB 80 254 10 10 10 
14 Miles1000.col.b, SGB 128 3216 42 42 42 
15 Queen8_8.col.b, SGB 64 1456 9 9 11 
16 Queen7_7.col.b, SGB 49 952 7 7 7 

 
5. Conclusion 

 
Our algorithm gives the competitive result for different type of benchmark graphs.   
To strengthen conclusions made about the power of the algorithm, it is worth to test it 
on some other classes of large graphs. The main purpose of this paper is to study 
hybridization of GA and BM on graph coloring problem. In the future, we intend to 
refine ANNGCP and apply it to find minimal color of large and small but complex 
graphs in reasonable time.   
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