
Improving Population Diversity in Parallelization of a 

Real-Coded Genetic Algorithm Using MapReduce 
 

Takuto Enomoto 

Shibaura Institute of Technology, 

Department of Information Science and Engineering 

3-7-5 Toyosu, Koto Ward, Tokyo 135-8548, Japan 

l10020@shibaura-it.ac.jp 

Masaomi Kimura 

Shibaura Institute of Technology 

Department of Information Science and Engineering 

3-7-5 Toyosu, Koto Ward, Tokyo 135-8548, Japan 

masaomi@sic.shibaura-it.ac.jp

 

 
Abstract—Genetic algorithms (GAs) whose solution space has 

many dimensions require a long execution time. In a previous 

study, although a GA was parallelized using MapReduce to 

reduce execution time, individuals were divided into 

subpopulations assigned to islands. Therefore, the diversity 

(search efficiency) of each population in subpopulations was less 

than the original GA, which has a single population. In this paper, 

we propose a method to improve individual diversity in 

parallelization of a GA using MapReduce. We have focused on 

migration, which is a method to improve population diversity by 

exchanging individuals among subpopulations. However, the 

MapReduce model does not allow such synchronization during 

parallel processing. Therefore, we realize migration during 

Shuffle tasks. We evaluated the proposed method by comparing 

it with a GA that has a single population and the GA proposed in 

the previous study. The results show improvement in solution 

accuracy. 

Keywords –  Genetic Algorithm, Real-coded Genetic Algorithm, 

migration, MapReduce 

I. INTRODUCTION 

Combinatorial optimization problems are difficult to solve 

because of their significant cost. A genetic algorithm (GA) is a 

typical and powerful way to solve such problems [1][2][3]. A 

GA expresses solution candidates, i.e., individuals, as binary 

arrays and searches the solution space by their crossover, 

mutation, and selection. 

This metaheuristic method is an effective way to search for 

a good solution that cannot be found analytically. However, if 

it is applied to a problem with a solution space that has a huge 

number of dimensions, the individuals must have the 

corresponding number of chromosomes. 

Numerous studies have improved GAs to search a huge 

solution space. Such improvements include the Real-coded 

GA (RCGA) and the parallel GA [4]. RCGA is a GA whose 

solution candidates are expressed as arrays with real-value 

elements as chromosomes. The parallel GA reduces the total 

execution time by employing parallelization techniques.  

There are several approaches to parallelize GAs. Typical 

methods to parallelize GAs are as follows [4]: 

 Parallelizing individual evaluation 

 Dividing the population into subpopulations and 

parallelizing (island model). 

The former parallelizes a part of a GA, and the latter 

parallelizes the entire GA. The latter has a great advantage 

over the former because it can shorten the execution time and 

prevent convergence to a localized solution. 

There are several techniques that can parallelize GAs. We 

introduce the following three techniques for parallelization. 

 MapReduce [5] 

 Message Passing Interface (MPI) [6] 

 Bulk Synchronous Parallel (BSP) [7] 

MapReduce is a parallelization model for large-size data 

that is effective for sequential processing such as batch 

processing. This model is scalable and has fault resistance. 

BSP is another computational model to perform a parallel 

algorithm. BSP realizes distributed processing and inter-task 

communication by iterating a processing unit called a 

SuperStep. MPI is a standard library for parallel programing 

that realizes an exchange of messages in each task. MPI can 

perform synchronous communication and/or asynchronous 

communication for each computer using functions for 

transmission and reception.  

BSP and MPI can perform inter-task communication, 

which reoccurs (i.e., redoes) if obstacles are experienced in a 

given task. A GA with a solution space that has many 

dimensions requires a significant execution time. Assuming 

that obstacles constantly occur, a long execution time is 

disadvantageous because redoes can occur many times. 

Therefore, BSP and MPI are not suitable for our target. For 

this reason, we have focused on MapReduce, which has strong 

fault tolerance. 

MapReduce is effective for sequential processing, such as 

batch processing, and excels at scalability and fault resistance. 

Its implementation, Hadoop [8][9], is an open source platform 

that has been studied in the context of the parallel GA by Keco 

et al.[10]. However, in their study, individuals were divided 

into subpopulations that were assigned to islands (i.e., 

computers used for parallelization). The number of individuals 

in each island is less than the original population; therefore, 

the population diversity is also less than the original GA. This 

degrades search performance.  

Migration is one solution for this problem. Migration 

improves the population diversity by exchanging individuals 

among subpopulations. However, a method for migrating 
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individuals that is suitable for RCGA employing MapReduce 

has not been clarified. 

Hurun et al. proposed a similar approach [11]. In their 

study, individuals were created or read from HDFS in the Map 

step, and GA operation was executed in the Reduce step. 

However, their method has three problems. First, since the 

keys were assigned in Reduce phase, it could not find the best 

individual effectively. Second, initial individuals were 

unnecessarily read from HDFS, since created individuals were 

saved to HDFS before GA was applied to them. Third, 

reduction of transferred data size during Shuffle step was not 

taken into account as we will discuss in Section II, A and 

Section II, B. 

We propose a methodology that iteratively performs 

crossover, mutation, and selection of individuals in Map steps 

and migrates them in Shuffle steps. 

II. METHODS 

MapReduce is a programming model used to divide and 

process large-scale data. MapReduce consists of three steps: 

Map, Shuffle, and Reduce (Fig. 1).  

 
Fig. 1. MapReduce 

All Map tasks receive inputs that are split from a data 

store, e.g., HDFS for Hadoop, and execute parallel processing. 

After parallel processing is completed, the results are output to 

Shuffle tasks. Just prior to output, a key is assigned to each of 

the results to associate it to a Reduce task. Shuffle tasks 

receive results and their keys from the Map tasks and then 

unite results with the same keys. The Shuffle tasks then output 

the united results to Reduce tasks. The Reduce tasks aggregate 

them and output the result to the data store. 

A. Migration by Shuffle tasks 

In conventional studies of migration methods, parallelized 

tasks must be synchronized to exchange individuals. If we 

realize a migration method in the MapReduce model, we must 

exchange individuals during the Map and Reduce steps. 

However, the MapReduce model does not allow such 

synchronization during parallel processing because 

Map/Reduce tasks must work independently. Thus, we 

propose to realize migration in Shuffle tasks. When Shuffle 

tasks unite results and keys from Map tasks, they 

communicate with each other. Therefore, we are able to 

realize migration during Shuffle tasks.  

Fig. 2 illustrates the method employed to realize 

migration in the MapReduce model. The GA is applied to a 

subpopulation in each island during the Map step. After 

convergence, the Map tasks shuffle all resultant individuals 

and output them to Reduce tasks.  

To realize migration during the Shuffle step, we set an 

identification number of an island as a key to each individual 

in the subpopulations. Each individual is transferred to the 

island corresponding to the key during Shuffle tasks. Twenty 

percent of the individuals in each subpopulation are assigned 

the original keys to keep individuals that are unique to the 

island. If the subpopulations have many individuals, the effect 

of parallelization will be limited. Subpopulations with few 

individuals do not have good search efficiency. Therefore, we 

do not assign the identification key randomly because this can 

disproportionately assign individuals to islands. We assign 

keys so that the individuals originally in the same island are 

uniformly distributed to the remaining islands. In addition, we 

define a special key to indicate the individual with the highest 

adaptive value. Individuals that have an identical key are 

aggregated during the Shuffle step. The Reduce tasks receive 

aggregated individuals and output them to the data store. If 

individuals have the special key, the best one is recorded to the 

data store in the Reduce step. To judge if the best solution 

candidates converge to an exact solution, the best individual 

recorded in the data store is compared to the one in the 

previous iteration of MapReduce. If they coincide, the 

population is regarded as having converged, and then the 

MapReduce iteration is terminated. Otherwise, the 

MapReduce iteration is repeated. 

 
Fig. 2. Migration by iterative MapReduce 

B. Reduction of similar individuals 

To realize migration, we must determine the migration 

parameters as follows [4]. 

 Migration rate 

 Migration interval 

The migration rate is the ratio of the number of immigrated 

individuals per migration, and the migration interval is the 

number of generations between migrations. 

If the migration rate is small and the migration interval is 

long, the effect of migration does not improve performance. If 

the migration rate is large and the migration interval is short, 

diversity of the population is lost [12]. 

Although we propose MapReduce iteration to realize 

migration, we must consider MapReduce overhead. 

MapReduce has processing overhead at start and end times, 

overhead related to I/O to the data store, and communication 

overhead in Shuffle tasks. In this study, we operate a mass of 

individuals; therefore, overhead is expected to be large. In this 
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subsection, we propose a method to reduce the amount of 

outputs from the Map tasks before executing the Shuffle tasks.  

Fig. 3 illustrates the proposed method. To reduce the number 

of MapReduce iterations and the outputs from Map tasks, the 

GA should be executed iteratively until convergence in Map 

tasks. Migration after GA-convergence increases the migration 

interval and leads to a reduction in the migration frequency. 

This imposes a condition whereby the migration rate cannot be 

small. After the GA converges, each population has 

approximately the same individuals, and it is obvious that not 

all of these individuals must be exchanged. We propose to 

eliminate half of the individuals in each population after 

completing Map tasks. If we eliminate individuals randomly, it 

is likely that we will eliminate good individuals. This will 

reduce search efficiency. Reduction of the individuals that 

have low adaptive values during GA process leads to 

convergence to a local solution. However our point is to 

reduce individuals after GA-convergence. After convergence, 

since we should utilize optimized individuals, we eliminate 

individuals that have low adaptive values to reduce individual 

data to be transferred. 

 
Fig. 3. Reduction of similar individuals 

C. Recovery of the number of individuals 

It is clear that the search efficiency decreases if the 

number of individuals is reduced by half every time 

MapReduce steps are iterated. To maintain search efficiency, 

it is necessary to add individuals to recover their original 

number.  

The timing of this recovery is important from the 

viewpoint of system performance. The GA phase is included 

in the Map tasks; therefore, recovery must be executed prior 

to or during Map tasks. Recovery of individuals in Reduce 

tasks causes an increase of data output to the data store, 

which results in large I/O cost. Therefore, we propose 

recovery during Map tasks, as is shown by the Map2 step in 

Fig. 4.  

 
Fig. 4. Increasing individuals in Map tasks 

If the recovered individuals are generated randomly, they 

do not necessarily have a good adaptive value. 

Consequently, we randomly duplicate individuals from a 

subpopulation in each island and then mutate them. 

III. IMPLEMENTATION 

We implemented the proposed method using Hadoop. 

Table I. shows the specifications of a master node and four 

slave nodes, which comprise the Hadoop cluster.  

 
Table I. Master node and slave node specifications 

Structures Contents 

CPU Intel(R) Core(TM)2 Duo CPU @ 2.80GHz 

/Intel(R) Pentium(R) Dual CPU @ 1.80GHz 

Memory 2GB 

OS CentOS6.2 

Hadoop  Hadoop0.20 

 

Fig. 5 shows a schematic of all MapReduce tasks for 

Hadoop. In our setting, the maximum number of Map and 

Reduce tasks was seven. The outline of the tasks is as follows: 

1. Each Map task receives a subpopulation to which it 

applies the GA from the HDFS. 

2. Each Map task performs the GA until convergence. 

They then eliminate half of the individuals in each 

population. The special key “0best” is assigned to 

the individual with the highest adaptive value. For 

all other individuals, an identification number 

associated with the island is assigned as a key. 

Then, the pair of identification number and 

individual is combined as a key–value pair and is 

output to partitioners. If Steps 1 to 6 are iterated 

more than once, the number of individuals increases 

by mutation at the beginning of this step. 

3. Each partitioner receives the identification number 

and individual given by the corresponding Map 

task. The partitioners assign individuals to the 

Reduce task by referring to the hash of 

identification number of the island.  

4. Shuffle tasks sort individuals by their keys. The 

individuals with the same key are stored in the same 

array.  

5. Each Reduce task receives the array from the 

Shuffle tasks. To conserve the most highly adaptive 

individuals, we select the individual whose adaptive 

value is the highest from those having special keys. 

The chosen individual is output to the HDFS. All 

other individuals in the array are output to the 

HDFS. 

6.  To assess the convergence of the solution, the 

individual with the special key stored in Step 5 is 

compared to the one stored in the latest iteration. If 

the difference between their adaptive values is less 

than a threshold, then the solution is considered to 

have reached convergence. 

7. If convergence is achieved, then this process returns 

the solution and terminates. Otherwise, it repeats 

Steps 1 to 6. 
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Fig. 5. Implementation of MapReduce on Hadoop 

IV. EXPERIMENT 

To evaluate the proposed method, we applied it to 

optimization problems of benchmarking functions. 

The purpose of our study is to propose a new parallel GA 

that provides a more precise solution than previous work. Due 

to additional tasks, such as the migration of individuals, the 

proposed method may require a longer execution time than 

previous methods. However, we expect that the proposed 

method will effectively provide a more precise solution and 

that the execution time required to converge the solution is at 

least less than the original RCGA, which is not parallelized.  

Based on this motivation, we have compared the 

accuracy of the obtained solutions and the execution time 

required to reach convergence using the original RCGA (GA1), 

a method from a previous study (GA2)[10], and the proposed 

method (GA3).  

To investigate the effect of population reduction on the 

execution time, we compared the execution time for the 

version with reduction and a non-reduction version of the 

proposed method. We compared the execution time from part 

of a Shuffle task. 

The first condition is commonly applied to all methods, 

and the second condition is applied to GA2 and GA3. 

Our benchmarking functions were the Rastrigin function 

(n = 50) and the Rosenbrock function (n = 20), which are 

commonly used functions for evaluating optimization 

algorithms. Fig. 6 and Fig. 7 show graphs of a two-

dimensional version of these functions. Equations (1) and (2) 

are their detailed expressions. 

We chose the Rastrigin function for evaluation because 

this function is multimodal. A multimodal function has many 

quasi-optimum solutions; thus, it is difficult to seek an exact 

solution because finding a quasi-optimal solution can 

terminate the search. For this reason, the Rastrigin function is 

suitable for evaluating how the proposed method improves GA 

performance and solution accuracy.  

The Rosenbrock function is a monophasic function that is 

shaped like a long valley. It is well-known that a GA is weak 

when optimizing a function whose value does not change in 

the neighborhood of its optimum solution. Thus, the 

Rosenbrock function is suitable for evaluating the accuracy in 

such a disadvantageous situation. 

 

 
Fig. 6. Rastrigin function 
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Fig. 7. Rosenbrock function 
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The parameters of the GA in this experiment are as follows. 

 Total number of individuals: 50,000 

 Total number of subpopulations: 250 

 Crossover method: BLX-α [13] 

 Selection method: Tournament selection 

 Tournament size: 4 

 Mutation method: Uniform mutation [14] 

 Crossover probability: 0.98 
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 Mutation probability: 0.02 

 Migration rate: 0.8 

The convergence threshold used in this experiment was 

    . 

A. Accuracy of solutions and execution time  

Table II. and Table III. show the results for the execution 

time, accuracy, and migration count. The values shown are the 

averages obtained over 50 trials.  

For the Rastrigin function, the results of GA1 were the 

worst for both accuracy of solutions and execution time. It 

should be noted that a single population tends to increase the 

same individuals compared to a case of many subpopulations. 

This inhibits search in a sufficiently large region and gives a 

local optimal solution rather than an exact solution. As the 

errors of the solution are not zero, this definitely occurred in 

the GA1 case.  

The execution time of GA2 was the shortest of the three 

methods. This method divided the whole population into 250 

subpopulations and parallelized the processes. Although this 

method is better than GA1 in execution time, it could not find 

the exact solution because each subpopulation provided local 

optimal solutions rather than an exact solution.  

The proposed method (GA3) found the exact solution. 

Table 2 shows that the proposed method requires 

approximately twice as many migrations to converge 

individuals to the rigorous solution.  

 
Table II. Comparison of execution time and accuracy (Rastrigin function) 

 GA1 GA2 GA3 

Ave. Exec. Tim

e 

880.0 s 93.8 s 210.6 s 

Ave. of f(x) 268.1 5.7 0.0 

Min. of f(x) 259.6 1.2 0.0 

The # of trials 

generating 

rigorous 

solutions 

0.0 0.0 50 

Ave. Migration 

count 

N/A N/A 2.3 

 
Table III. Comparison of execution time and accuracy (Rosenbrock function) 

 GA1 GA2 GA3 

Ave. Exec. Time 6365 s 72.5 s 1754.1 s 

Ave. of f(x) 0.068 0.082          
Min. of f(x) 0.041 0.060          

The # of trials 

generating  

rigorous solutions 

0 0 50 

Ave. Migration 

freq. 

N/A N/A 41.9 

 

For the Rosenbrock function, we regarded individuals as a 

solution if their function value was less than     .  

GA1 found a better individual than the method from a 

previous study. This is interesting because GA1 does not 

parallelize processes and seemed to be at a disadvantage when 

finding a good individual. This is likely caused by the greater 

diversity of individuals in GA1 than those of GA2, which 

helps improve search efficiency in this situation.  

It should be noted that GA1 and GA2 provided results 

that did not satisfy our error limit condition,  ( )      . 

Table 3 shows that the best individual obtained by the 

proposed method did satisfy this condition.  

Table 3 also shows that GA3 appeared to require more 

execution time than GA2. The execution times listed in Table 

3 are the times at which the system ended the judgment of 

convergence. This means that the time required to obtain an 

individual that satisfies  ( )       is much longer than the 

times shown in Table 3. In our trial, we could not find a case 

for which GA2 could obtain such individuals; therefore, we 

consider that GA2 definitely requires an unreasonable 

execution time. 

The proposed method (GA3) demonstrated high accuracy 

compared to GA1 and GA2. 

B. Effects of population reduction 

We used the Rastrigin function and measured the 

execution time for cases with and without population 

reduction. Table IV. shows the execution time averaged over 

50 trials and the minimum time for both cases.  

 
Table IV. Comparison of reduction of individuals (Rastrigin function) 

 Has reduced 

individuals 

Has not reduced 

individuals 

Ave. Exec. Time 210.6 s 222.5 s 

Min. Exec. Time 139.2 s 146.5 s 

Ave. of f(x) 0.0 0.0 

Min. of f(x) 0.0 0.0 

The # of trials generating 

rigorous solutions 

50 50 

Ave. Migration freq. 2.32 2.67 

Ave. Exec. Time of the 

Shuffle tasks per one 

migration 

36.1s 42.3s 

Total file size of data 

(Ave.) 

72.14 MB 157.17 MB 

 

The results show that the average execution time for the 

population reduction case was approximately 5.3% less than 

the other cases. As for the minimum execution time, 

population reduction reduced the execution time by 

approximately 5.0%. A detailed investigation has revealed that 

the population reduction decreased the execution time of 

Shuffle tasks per one migration from 42.3 s to 36.1 s.  

The estimated execution time of Shuffle tasks was 

112.9(=42.3 2.67) s for the case without population reduction 

and 83.8(=36.1  2.32) s with population reduction. This 

indicates that the execution time of Shuffle tasks decreased by 

26%. 

The average migration frequency for both cases was less 

than 3. The iteration frequency of the proposed method is 

significant for system performance; therefore, population 

reduction has little influence on the performance.  

V. CONCLUSION AND FUTURE WORK 

A GA is a powerful way to solve combinatorial 

optimization problems. To improve GAs to be applicable to a 

problem whose solution space has a huge number of 

dimensions, we have proposed a method to parallelize RCGA 
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by means of a MapReduce processing model, which realizes 

effective parallelization and has strong fault tolerance.  

In a previous study, Keco et al. proposed a method to 

parallelize GAs using MapReduce in a context similar to our 

proposed method. They adopted the island model and did not 

consider population migration; therefore, their method cannot 

secure sufficient population diversity to find a rigorous 

solution.  

To solve this problem, we have proposed a method for 

population migration that is compatible with the MapReduce 

model. 

We proposed a migration mechanism in Shuffle tasks. 

Shuffle tasks are the only tasks in which the MapReduce 

model allows modes to intercommunicate. To realize this, we 

have utilized the identification numbers of islands as keys to 

assign individuals to subpopulations. In addition, to reduce 

unnecessary network I/O in Shuffle tasks, we have also 

proposed a method to reduce the number of individuals during 

migrations. 

We compared the performance of the proposed method 

with the original RCGA and its parallelized version without 

migration. The compared indices were the execution time and 

solution accuracy. To evaluate the effects of population 

reduction during migration, we compared the execution time 

for cases with and without population reduction. The results 

show a significant improvement in the solution accuracy and 

execution time. 

In future, it will be necessary to discuss the optimum 

number of individuals reduced in Map tasks. Although we 

eliminated one-half of the individuals in each population, the 

ratio of elimination may be dependent upon the number of 

individuals. For example, assume that there are five 

subpopulations, each of which has one thousand individuals. 

Even though we eliminate one-half of these individuals in 

each population, many similar individuals could still be 

migrated to the same subpopulation. In this case, elimination 

of more individuals reduces the migration cost but will lead to 

the same solution.  
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