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Abstract-The purpose of this paper is to present a survey on 

various papers that shows various aspects of ACO, ANN, GA 

and their respective strategies that can be applied on a CPU-

GPU collaborative environment making use of the concept of 

parallel processing. The CPU-GPU collaboration is an 

interesting premise for a survey. The CPUs and the GPUs are 

separately powerful entities and can carry a heavy workload. If 

both of their powers can be combined, we can just imagine how 

optimized the results can be. The following contains a review of 

papers which gives us insights on parallel algorithms when 

applied on a parallel computer or a GPU, and the results 

obtained. 
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I. INTRODUCTION 

arallel processing divides the process that we want to 

execute into various components. These parts can thus be 

executed simultaneously on different „parallel‟ processors. 

The operating principle is that a huge problem is broken into 

several sub-problems, then working them simultaneously. 

Adding a separate GPU to a system makes great usage of time 

compared to when it was without one. It offers unrivaled 

application performance. It transfers compute-intensive work 

load towards GPU while the remainder of the code still runs 

on the CPU, making use of thousands and thousands of 

parallel working cores with respect to just a few of the CPU 

alone.  

Fig 1: No. of cores in CPU vs No. of cores GPU 

 

Ant Colony Optimization [1](ACO) studies artificial 

systems that are inspired from the behavior of real ant 

colonies. They are used to solve discrete optimization 

problems. Artificial Neural Networks[14] is an information 

processing paradigm inspired by biological nervous systems. 

In the nervous system, a synapse is an arrangement that 

permits the pass of electrical or chemical signal from neuron 

to another. ANN is thus composed of a system of neurons 

connected by such synapses. Genetic Algorithm[15] is a 

method of search applied to optimization or learning. Genetic 

algorithms are a part of evolutionary computing, they use an 

evolutionary analogy of “survival of the fittest”. 

A. Outline of the Basic Genetic Algorithm 

The basic genetic algorithm[15] is as follows: 

1. [Start] Generate random population of n 

chromosomes(suitable solutions for the problem). 

2. [Fitness]Evaluate the fitness f(x) of each chromosome x in 

the population. 

3. [New Population] Create a new population by repeating 

following steps until the new population is complete 

 -[Selection]Select two parent chromosomes from a 

population (according to their fitness,the bigger chance to be 

selected) 

 -[Crossover] With a crossover probability,crossover 

the parents to form a new offspring(children).If no crossover 

was performed,offspring is an exact copy of parents. 

 -[Mutation] With a mutation probability mutate new 

offspring at each locus(position in chromosome). 

 -[Accepting] Place new offspring in a new 

population 

4. [Replace] Use new generated population for a further run of 

algorithm. 

P 
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5. [Test] If the end condition is satisfied,stop,and return the 

best solution in current solution. 

6. [Loop] Go to step 2. 

B. Outline of the Ant Colony Optimization 

Ant Colony Optimization [1] as the following steps: 

Procedure ACO metaheuristic 

Schedule Activities 

Manage Ants Activity () [ants simultaneously build 

the solution to the optimization problem according 

to the heuristic information and pheromone trail, 

and deposit pheromones  accordingly] 

Evaporate Pheromone()[ pheromone intensity is 

reduced so that convergence rate is not too rapid 

facilitating new area exploration] 

Daemon Actions ()[ Optional, not performed by 

individual ants but global actions such as collection 

of global information for pheromone updates] 

 

end Schedule Activities 

end ACO metaheuristic 

 

C. Basic algorithm of the artificial neural network 

The algorithm consists of three mandatory phases 

1. Learning of perceptron 

● Initially consider w1 = -0.2 and w2 = 0.4 

● Training data say, x1 = 0 and x2 = 0, output is 0. 

● Compute y = Step(w1*x1 + w2*x2) = 0. Output is 

correct so weights are not changed. 

● For training data x1=0 and x2 = 1, output is 1 

● Compute y = Step(w1*x1 + w2*x2) = 0.4 = 1. 

Output is correct so weights are not changed. 

● Next training data x1=1 and x2 = 0 and output is 1 

● Compute y = Step(w1*x1 + w2*x2) = - 0.2 = 0.  

Output is incorrect, hence weights are to be changed. 

● Assume a = 0.2 and error  e=1 

 wi =wi + (a * xi * e)  gives w1 = 0 and w2 =0.4 

● With these weights, test the remaining test data. 

● Repeat the process till we get stable result. 

2. Initialization and Updation of weights 

 n=1; 

 initialize weights randomly; 

 while (stopping criterion not satisfied or n 

<max_iterations) 

 for each example (x,d) 

- run the network with input x and compute 

the output y  

- update the weights in backward order 

starting from  those of the output layer: 

-  

 with           computed using the (generalized) Delta 

rule 

 end-for 

- n = n+1; 

 end-while; 

3. Activating the neuron 

 Active unit represented by 1 and inactive by 0. 

 Repeat 

o Choose any unit randomly. The chosen unit may 

be active or inactive. 

o For the chosen unit, compute the sum of the 

weights on the connection to the active 

neighbours only, if any. 

 If sum > 0 (threshold is assumed to be 0), 

then the chosen unit becomes active, 

otherwise it becomes inactive. 

o If chosen unit has no active neighbours then 

ignore it, and status remains same. 

 Until the network reaches to a stable state. 

These steps forms a neural network ready to be applied in 

different problems. 

II. LITERATUREREVIEW 

A. Ant Colony Optimization Algorithm  

Paper [1] deals with the ant colony optimization and 

gives us a basic understanding of the same. Ant colony 

optimization is an up and coming metaheuristic approach 

which is used for solving hard combinatorial problems. The 

artificial ants here are procedures or methods. These methods 

are used for producing solutions stochastically. The solutions 

are built upon each iteration, adding parts of the solution i.e. a 

partial solution and subsequently leading to the solution. 

These solutions are built using the heuristic information 

available. The solution building and the pheromone trail 

update goes hand in hand. ACO started as a simple Ant 

System (AS) which was not exactly combative enough with 

other approaches prevalent in the market. Then came its 

variations, the Elitist Strategy, followed by rank based AS, 

Max-Min AS and Ant Colony System (ACS). The three most 

important functions used in ACO are, used to maintain the ant 

activity, to evaporate pheromone trails and to implement 

global actions not done by individual ants. 

Paper [2] shows five parallel implementation 

strategies of the ant colony optimization and their utilization 

and where they are helpful. (1)Parallel Independent 

Algorithms-several parallel ACO searches done on various 

jijiji www 
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processors, hence no communication required. It is a naïve 

approach whose advantage is that no communication is 

required among the respective processors. (2)Parallel 

Interacting Ant Colonies-similar to previous except after each 

iteration the best solution is copied to all the other colonies, 

thus communication cost can get high. (3)Parallel Ants-each 

ant is assigned to a separate processor to build its solution, a 

master is required to perform pheromone update and to 

produce solution. (4)Parallel Evaluation of Solution 

Elements- at each step of the algorithm, each ant tests all of 

the solution elements before picking one. (5)Parallel 

Combination of Ants and Evaluation of Solution Elements-

Each ant is given a fixed number of processors, then a group 

master is responsible for constructing the ant‟s tour. For 

problems in which the major computational effort is strained 

in the computation of the solution elements, methods (3), (4) 

and (5) are preferred. For problems that have a small 

pheromone structure, method (2) is a feasible alternative. 

Paper [3] deals with the basic pseudo code that shall 

be used in solving a travelling salesman problem using ant 

colony optimization metaheuristic. It defines the ACO 

algorithm, explains the working of a graphics processing unit, 

thentakes one through the working the OpenCL language used 

to run programs on a multi-core environment. Following that, 

the paper presents an algorithm for the solving the problem. 

The algorithm is divided into three main phases: Initialization 

phase, Iterative Phase, Solution Return phase. The 

Initialization phase responsible for specifying the stopping 

criteria, initializing the parameters, allocating all data 

structures to the algorithm. In the Iterative phase, the solution 

is constructed, evaluated and the pheromone trails are updated 

for the TSP. The iterative phase is the most costly phase of the 

algorithm. The parallelism achieved associates each ant with a 

work-item. Each ant helps in the construction of the complete 

solution. When all solutions are constructed, they are 

evaluated. The evaluation of the solutions can be worked out 

in parallel. A work-item can be assigned to each solution for 

parallelization. It is important at each iteration to keep note of 

the best-so-far solution. A parallel strategy is used to calculate 

called Reduction. After all ants have constructed their tours 

(solutions), the pheromone trails are changed that is through 

pheromone update and pheromone evaporation. 

Paper [4] presents effective parallelization 

approachesthat can be used for Ant Colony Optimization 

(ACO) metaheuristic on a Graphics Processing Unit (GPU). 

The two main parallelization strategies used are parallel ants 

and multiple ant colony. Paper [4] presents algorithms that 

will be used to solve the TSP problem and thus compare these 

two approaches. In the parallel ant system, the solution   

construction phase runs on multiple processing elements. This 

can either be done in message passing or distributed memory 

architecture. Multiple ant colonies is also based on message 

passing and memory sharing. But this intends to run whole ant 

colonies on individual separate processing elements. It then 

presents the respective approaches on GPU architectures and 

at the same time keeping true with the original ideas and not 

compromising with the solution quality, also keeping it as 

parallel as possible. The paper thus concludes that both the 

approaches can be effectively implemented on a GPU 

architecture. When Ant (block) strategy was used it gave 

speedups as high as 19.47 with basic Max-Min Ant System 

(MMAS) while speedups raised even higher with colony 

(gpu) strategy that reached 23.60 with combination of MMAS 

and local search. Thus execution time can be significantly 

reduced on a GPU environment. 

B. Genetic Algorithm 

In the paper[5],the genetic algorithm is being 

executed on a GPU using CUDA architecture. The 

CUDA(Compute Unified Device Architecture)[13] refers to 

two things,one the architecture of modern GPUs with several 

cores and second,the parallel programming model for the 

GPUs. The CUDA programming model uses multithreading. 

The genetic algorithm is mapped to the CUDA model and was 

executed on the GPU. A fine-grained island based GA was 

used. An island based GA[12] is the one where a population is 

divided into subpopulations and each subpopulation is being 

worked upon by different processes. The results from these 

subpopulations are then brought together by migration. In the 

given mapping, one thread controls one individual, and every 

block represents one independent island. The shared memory 

helps in parallelism. The global memory used for migration. 

The shared optimization tool that was proposed here uses the 

mentioned fine-grained GA. The speedup of the execution 

was found out using GeForce 8800 GTX (128 cores) graphics 

card and a single-threaded, optimized program which is 

approximately 20% faster than GALib(GALib is a library 

consisting of genetic algorithm objects) running on the 

processor Core i7 920 at 3.2 GHz. The mapping of the genetic 

algorithm to CUDA software model led to speedups up to 

2600 times. 

In the paper[6], the authors make some 

improvements from the paper[5].The main concern that was 

faced in the previous work was to devise an effective mapping 

of the GA to the CUDA software model. They also focused on 

parallelism and avoiding system bottleneck. The selection 

applied was tournament selection and crossover applied was 

arithmetic crossover. These two processes i.e. the tournament 

selection and the arithmetic crossover use the same shared 

memory there by making efficient use of memory. The results 

were migrated from island to island and this migration occurs 

in one direction only.This approach leads to speedups up to 

seven thousand times higher compared to one CPU thread 

while maintaining a reasonable results quality. 

This paper[7] compares five different parallel genetic 

algorithms (PGAs) namely the independent PGA, the 

migration PGA, the partition PGA, the segmentation PGA and 

the hybrid PGA i.e. the segmentation –migration PGA .The 

most interesting thing about this paper is that the results were 

obtained by executing the algorithm in a IBM SP2 machine 

which is a parallel machine having 18 processing elements. 

The independent PGA is the serial genetic algorithm 
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executing in the parallel PEs.The migration PGA works the 

same way as the independent PGA, only difference is the 

periodic migration of chromosomes among processors. In the 

partition PGA, the search space for the problem is partitioned 

into sub spaces, and each PE searches for solutions in the sub 

spaces.In the segmentation PGA, the problem is divided into 

sub-tours and each processor works on a sub-tour. These sub-

tours are combined to form bigger sub-tours and subsequently 

into full tours. The segmentation-migration PGA combines 

the segmentation and migration approaches. The 

segmentation-migration PGA approach took the shortest 

execution time and were able to generate solutions of higher 

quality. 

The author of the paper[8] tries to make a 

comparison between the CPU and GPU on the basis of the 

execution time of the genetic algorithm in the CPU and GPU. 

The CPUs are designed to make processes carried out to be 

fast. CPUs are designed to deliver in least response times. The 

cache memory in the CPU helps in faster operations. Whereas 

the GPUs are focused on high throughput. The GA was 

written in C++ for the CPU and in CUDA for the GPU. The 

C++ program runs sequentially while the CUDA program is 

executed on multiple threads.The tests were done on a 

machine with i5 4210H processor running a 64-bit version of 

Ubuntu 14.04, with 12 GB RAM, and a NVIDIA GTX 960M 

GPU with 2 GB of memory. The execution time in the CPU 

was found to be lesser than the GPU. This is due to a lot of 

reasons. First being the shared memory didn‟t reduce the time 

as it was intended or expected and second being the size of the 

problem,since there is not much memory in the GPU. Also the 

multithread model doesn‟t prove very efficient in this 

problem. So the writer concludes that algorithm has to match 

the GPU working to get desirable results or as the results 

suggest, the CPU will be much faster than CPU. The GPU can 

be made faster if the shortcomings are reduced. 

C. Artificial Neural Networks 

According to [9], the Traveling Salesman Problem, a 

classical combinatorial optimization problem, can be solved 

using artificial neural networks(ANNs)  because the ANNs 

are powerful parallel devices. They are made up of a large 

number of simple elements that can process different inputs 

given to themin parallel. Accordingly, they lend themselves 

naturally to implementations on parallel computers by directly 

implementing themselves in hardware as minute neural chips 

.Hence we can use this network to compute TSP with 

remarkable speed which is never achieved before. However 

the quality of the neural network solutions remains at stake. 

The problem can be solved using one of the three 

main models of ANN. i) Hopfield Network ii)SOM(Self 

Organizing Maps) iii)Concurrent NN. Now comparing 

Hopfield and Concurrent NN we can see that the Concurrent 

NN converges faster than Hopfield Network and also the 

probability to achieve a valid tour is higher in the Concurrent 

NN than the Hopfield Network. Also the Hopfield doesn‟t 

have a systematic way to determine the constant terms. 

Comparing the Concurrent NN and the SOM we can see that 

the SOM is faster than Concurrent NN and henceforth from 

Hopfield also. 

The paper[10] solves the Travelling Salesman 

Problem using the Hopfield Network. It states that a Hopfield 

network is a recurrent network .The feedback from the output 

to the input is allowed. 

Every neuron is connected to every other neuron and 

the connections are symmetric .i.e. connection weights from 

unit i to unit j and from unit j to unit i are identical for all i and 

j. No self-connection is present, so weight matrix is diagonal 

and symmetric. N cities are represented by an    N X N matrix 

of neurons.According to the notations: 

σkj = 1,if city k is in position j.σkj = 0 ,otherwise .Each row 

has exactly one 1.Each column has exactly one 1 hence the 

matrix has exactly N 1‟s.For each element of the matrix  a 

neuron is taken  and fully connect the assembly with 

symmetric weights. The energy equation given by -E= -

½ΣkiΣrj w(ki)(rj) σkiσrj, where σki – City k at position i 

σrj – City r at position j. The network then converges to the 

stable solution after few iteration by calculating the output 

based on Energy function (which leads to a stable 

combination and to the shortest path) and weight update 

function. Here, Output function is σki which is given by the 

following equation σki = ½ (1 + tanh(uki/u0)),where, u0 is a 

constant and  uki is the net input. The main goal is to find an 

appropriate connection weight. It should be such that valid 

tours bepreferred and invalid tours should be prevented.  

The advantages of this algorithm are • Hopfield 

neural network due to very powerful and complete Energy 

functiongives very accurate result. • The approach is much 

faster than Kohonen method (only if the energy function is 

identified)as the number of iterations needed to obtain the 

solution is fewer. • The result obtained by this method is much 

more near optimal as opposed to the approach of Genetic 

Algorithm which follows the trial and error method. 

Kohonen,initially introduced the SOM algorithm, an 

unsupervised learning algorithm, where a topological 

relationship is established among input data [11]. The various 

phases in this algorithm are -parameters adaptation, - learning 

rate,-initialization and the -neighborhood function variance.To 

apply this approach to the TSP, a two-layer neural network, 

which consists of a two-dimensional matrix withn input unit 

and m output units is used. 

It has two adaptive parameters, the learning rate 

given by„a‟ and the neighborhood function variance given 

by„p‟ in order to achieve a better convergence of the SOM 

algorithm. They belong to a special class of neural networks 

where each neuron contends with the others to get activated. 

The result of this contention is the activation of only one 

output neuron at a given moment. In order to prevent more 

than one city (nodes) from being selected as the winner, in 

each complete cycle of iterations, for each node an inhibitory 
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index is defined, which puts the winner node aside from the 

competition, providing more chance to the other nodes. 

The initialization of synaptic weights of neurons can be done 

in 4 different ways 

 Random initialization of neurons over the input data 

space. 

 Random initialization of neurons on a circular ring 

whose center and the n cites respective centroid 

coincide. 

 Initialization of neurons with a tour using the nearest 

neighbor algorithm. 

 Random initialization of neurons on a rhombic frame 

located in the right of the n cities_ centroid. 

 

Each value of the complexity of the algorithm can be 

evaluated by (0.3*m) number of operations,for calculation of 

neighborhood function. (here m is the length of the neighbor 

which is generally equal to 2*n(number of nodes of neurons)). 

The neighborhood for complexity reduction is guided by the 

function variance. It can be seen after analyzing the variance 

evolution, that the algorithm processing time decreases fast. 

Hence this method is one of better methods for solving the 

TSP using ANN as it assures easy implementation, fast 

computation, robust applicability, and production of good 

solution giving the result in a more organized fashion. 

 

III.LIMITATIONS 

A. Ant Colony Optimization 

According to the paper [1], Ant Colony Optimization 

is still under extensive research and that for problems where 

all the sufficient information is available and does not change 

during problem solution, it has to compete with various well 

established approaches, often focused for the particular 

problem. 

In the paper [2], for strategy labeled (2) 

communication cost can get very high for communicating 

amongst the respective ant colonies. For strategy labeled (3) 

maintenance of the pheromone structures incurs high cost and 

communication is not all that significant. For strategy labeled 

(4) it can get computationally expensive. 

In paper [4], GPU based shared memory although 

leads to some great speedups but, its limitation is seen in the 

case of bigger TSPs. Also, for maximal exploitation of GPU 

resources, it requires algorithmic configurations which do not 

let the ACO metaheuristic to perform a fruitful exploration 

and exploitation of the search space. 

B. Genetic Algorithm 

In the paper[5],the program written only supports 

compiler preprocessor directives. No support for setting 

parameters of the functions at runtime. If support for 

runtime,the results could have been better. 

 

The paper[6] is an improvement from the paper[5] 

and it still suffers from the same problems. Moreover,the 

CUDA blocks (islands) cannot be synchronized easily without 

a significant performance loss,so, the migration is done 

asynchronously that is it does not wait for the neighbors to 

finish with the predefined number of generations. This is 

unacceptable for common applications, where data 

consistency is required. 

As we know,the genetic algorithm can take a large 

amount of time for execution. In paper[7].The machine used 

was IBM SP2 with 16 thin PEs. That's why the achieved 

execution time was found less for the segmentation-migration 

approach. Also bringing into light the fact that it was in 

comparison of four other approaches. If the algorithm was 

applied on a computer with much lesser configuration the 

results would have differed. Also genetic algorithms are not 

efficient in working with dynamic data sets. 

In paper [8],the execution time of the algorithm was 

found to be lesser in CPU rather than the GPU. Many 

problems were accounted for this result. Some programming 

constructs prove heavy for the GPU which increases the 

execution time. The communication between the CPU and 

GPU didn't prove to be efficient. The problem size is let down 

for the GPU as it has limited memory. The shared memory 

also doesn't prove veryefficient.  

C. Artificial Neural Network 

In paper [9],the gap between self-organizing map and 

the best heuristics of OR is still quite large. Their results can 

hardly be compared with the tours generated by the heuristics. 

For paper [10],the understanding of Energy function 

initially is difficult- since the problem is not a usual Character 

Recognition Problem.Also often the algorithm converges to a 

local minima instead of global minimum.Problem arises if the 

number of cities are increased or deleted or the weights are 

wrongly entered. In that case the network has to be 

reinitialized and we need to start from the top.Also defining 

constants such as A1,A2,A3 etc. is difficult. 

The main drawback encountered in paper [11],is 

randomly initializing the neurons over the data space is that 

the neurons are at first scrabbled, which requires a larger 

processing time to achieve a topological configuration that 

assures the neurons neighborhood. Starting calculation with 

different sets of initial order will lead to different solution. 

IV.PROBABLESOLUTIONS 

A. Ant Colony Optimization 

Developing more parallel variations can be used to 

counter drawbacks for paper[1] and also, ACO would show its 

strength when applied to ill constructed problems where say it 

is unclear as to how a local search is to be applied. 

For problems stated in paper [2] what can be done is 

selecting the particular strategy for a particular kind of 
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problem that is say for smaller pheromone structures method 

(2) is preferred and for problems where solution elements 

maybe easy to compute method (3) should be used. 

A way of countering the problems of paper [4] is by 

using the present framework and knowledge, new ACO 

metaheuristics should be made which are specifically 

designed for the GPU architecture execution which would 

help us further improve the present speedups thus specifying 

the great benefits of using a parallel component like GPU. 

B. Genetic Algorithm 

A programming model having the support for 

changes being made to program in runtime can be added to fix 

the problem encountered in [5]. 

A possible solution for the synchronization between 

the islands in paper[6] can be a common clock. The time 

required for completion of generations can be found as an 

average and this can be used as a clock period to synchronize 

the different islands. Due to the asynchronous migration much 

data is lost. 

As far as the five parallel genetic algorithms in paper 

[7],further variations can be made which can be efficient even 

on the simple CPUs. 

As mentioned in the limitations,for the paper [8] the 

execution time of the GPUs is more than the CPUs .The 

solution is in the algorithm itself as it needs to be designed for 

the specific environment that it is being executed on,in this 

case a GPU. 

C. Artificial Neural Network 

To solve the problem of gap between the algorithms 

as mentioned in paper [9] recently various extensions to the 

TSP have been considered byneural network researchers in 

order to resolve this gap completely but still the area is under 

research. 

The drawback stated in paper [10] can be minimized 

by going through the works in literature and physics in order 

to understand the energy functions better. Further the problem 

of convergence to local minima instead of a global minimum 

can be resolved by adding a random noise to the initial inputs 

of the system. To solve the problem of defining constants,till 

date can only be solved by trial and error methods. 

Drawback stated in paper[11] can be resolved by 

initializing the neurons in a particular geometrical figure 

instead of the whole data space randomly. Further by 

redefining the order of the cities after a complete cycle of 

iterations, increases the robustness of the algorithm and 

reduce its dependence on the order of input data and the initial 

configuration. 

 

TABLE I 

Limitations and Solutions for ACO Based Papers 
 

Paper Limitations  Probable Solutions 

[1] Hasto compete with various 

well established approaches, 

often focused for a particular 

problem 

Developing more parallel 

variations, also, it would show 

its strength when applied to ill 

constructed problems 

[2] Strategy(2) communication cost 
can get very high, strategy (3) 

maintenance of the pheromone 

structures is costly, strategy 
(4)can get computationally 

expensive 

For smaller pheromone 
structures method (2) preferred, 

for problems where solution 

elements maybe easy to 
compute method (3) preferred 

[4] Limitationseen in the case of 
bigger problems,  for maximal 

exploitation of GPU resources, 

requires algorithmic 
configurations which prevents 

fruitful usage of search space 

 

Using the present framework 
and knowledge new ACO 

metaheuristics be made which 

are specifically designed for the 
GPU architecture execution  

 

TABLE II 

Limitations and Solutions for GA based papers 
 
Paper Limitations  Probable Solutions 

[5] No support for setting parameters 

of the functions at runtime 

Runtime support can be added 

to the programming model 

[6] Synchronization between islands A general clock period for 

synchronization, according to 
the execution time can be 

given 

[7] Execution time is less only on 
sophisticated CPUs 

Further variations capable of 
running on simple CPUs can 

be derived. 

[8] Execution time of GPU more 

than CPU 

Algorithm has to be suitable to 

the GPU to get desirable 
results. 

 

TABLE II 

Limitations and Solutions for ACO based papers 
 
Paper Limitations  Probable Solutions 

[9] Large gap between self-

organizing map and the best 

heuristics 

Recently various extensions to 

the TSP have been considered 

by neural network researchers 
in order to resolve this gap 

completely but still the area is 

under research. 

[10] The understanding of Energy 

function. 

 
Algorithm converging to a 

local minima. 

 
 

Defining constants 

Going through the works in 

literature and physics this 

problem can be handled. 
Resolved by adding a random 

noise to the initial inputs of the 

system. 
 

Till date this problem can only 

be solved by the trail and error 
method. 

[11] Neurons are initially 

scrabbled. 

Different sets of initial order 
will lead to different solution 

Resolved by initializing the 

neurons in a particular 

geometrical figure instead of the 
whole data space randomly.  

Resolved by redefining the 

order of the cities after a 
complete cycle of iterations to 

increase the robustness of the 

algorithm and reduce its 
dependence on initial 

configuration and the order of 

input data. 
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V.CONCLUSION & FUTURE SCOPE 

GPU computing in the case of solving discrete optimization 

problems is still in its early days. The bulk of the literature 

comprises of reports from rather simple implementations of 

existing optimization methods on a Graphics Processing 

Unit,with an objective to compare, with respect to a CPU 

implementation of an unknown quality, the speedup factor. 

So, further research should be performed with stronger 

attention on the efficiency of the implementation of the 

algorithm on the architecture, proper analysis of algorithms 

and hardware fulfilment, thorough and fair assessment of 

speedup, with efforts in utilizing all of the available hardware, 

and with reports that enable better reproduction. The supreme 

goal would be the development of novel, efficient, fast and 

robust high quality procedures or methods that would exploit 

the fullest extent of the heterogeneity of modern computers 

efficiently while at the same time being flexible by self-

adapting to the hardware at hand. 
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