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Abstract 

This paper presents a self-adaptive multi-population approach based on genetic algorithm (GA) 

for solving dynamic resource allocation in shared hosting platforms. The proposed method, self-adaptive 

multi-population genetic algorithm (SAMPGA), is a multi-population GA strategy aimed at locating and 

tracking optima. This approach is based on preventing populations from searching in the same areas. 

Two adaptations to the basic approach are then proposed to further improve its performance. The first 

adapted algorithm, memory-based SAMPGA, is based on using explicit memory to store promising 

solutions and retrieve them upon detecting change in the environment. The second adapted algorithm, 

immigrants-based SAMPGA, is aimed at improving the technique used by SAMPGA to maintain a 

sustainable level of diversity needed for quick adaptation to the environmental changes. An extensive set 

of experiments is conducted on a variety of dynamic resource allocation scenarios, to evaluate the 

performance of the proposed approach. Results are also compared with those of self-organizing random 

immigrants GA using three well-known performance metrics. The experimental results indicate the 

effectiveness of the proposed approach.  

 

Keywords: Shared hosting platforms, Dynamic resource allocation, Multi-population genetic 
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1. Introduction  

The development in technology creates an ever-increasing need for computing infrastructures 

capable of efficiently response to the user's requests. On the other hand, the expansion of dedicated 

hosting platforms is not justifiable for economic reasons (e.g. power consumption, maintenance costs, 

etc.). Thus, there is a strong incentive for services to use shared resources, called shared hosting 

platforms (SHPs) [1]. SHPs provide massive integrated computing resources with a different 

computational power accessibility for a large number of services simultaneously.  

Shared platforms are growing in popularity, and hosting environments are moving rapidly towards 

the use of such platforms with the goal of reducing costs and subsequently increasing the developers’ 

utilization and satisfaction. Meanwhile, virtualization technologies have been employed to provide the 

possibility of using shared resources in the platforms [2]. Development, flexibility, shared use of 

resources and Internet-based presentation are the most significant features of virtualization, which plays 

a prominent role in facilitating the use of resources on SHPs.  

One of the main challenges for the hosting platforms is resource allocation. Resources should be 

allocated according to the users’ requests with the least possible delay and expense in order to be 

beneficial for providers [3]. Moreover, the resource allocation should be done in a way that the quality 

of service (QoS) requirements and service level agreements (made between providers and users) are met. 

In many cases, this leads to dynamism and uncertainty. The resource allocation mechanisms should 

consider the current status of each resource, and seek optimal utilization of resources by employing 

algorithms for better allocation of physical and virtual resources to the users [4].  

We have considered resource allocation for dynamic servers similar to the problem of resource 

allocation in the real world. Failure to access a number of servers during the allocation process is among 

the issues that make the allocation problem in a SHP an uncertain and dynamic problem. In the course of 

the allocation process, a number of servers may be out of reach and not available for a period of time 

due to hardware and software problems, low battery, network failure, lack of routes, etc. In such a 

situation, optimal and efficient resource allocation would be an uncertain optimization problem. 

Although the optimality is specified and definite, it undergoes changes over time, and hence the 

optimization algorithm should be able to track the optimum of the problem with the maximum possible 

accuracy. 

The problem of resource allocation is an NP-complete problem and the exact solution, even for 

small examples of the problem (a small number of servers and services), cannot quickly be found [5]. 

Thus, many studies have been conducted on the resource allocation problem (RAP) using greedy 

algorithms or metaheuristic techniques including evolutionary algorithms, swarm intelligence 

algorithms, etc. In this paper, we define the dynamic resource allocation problem (DRAP) for SHPs as a 

constrained dynamic optimization problem (DOP), and attempt to solve this problem within a reasonable 

elapsed time by suggesting algorithms based on a genetic algorithm (GA).  
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The rest of the paper is organized as follows: Section 2 discusses related works. System 

description, problem definition and problem formulation are described in Section 3. In Section 4, we 

explain our proposed self-adaptive GAs for dynamic resource allocation in SHPs. An experimental study 

for analyzing the impact of the proposed approach is presented in Section 5. Finally, conclusions and 

directions for future research are discussed in Section 6.  

 

2. Related works 

The existing policies for allocating resources in hosting platforms fall into three main categories. 

The first category is system oriented and the goal is to reduce the response time of the whole system [6], 

increase the throughput of the whole system, balance the workload [7][8], enhance the system reliability, 

increase the utilization [6][7][8][9][10][11][12], reduce the energy consumption [13][14][11][15] or 

some combination of these. The second category is user oriented and the goal is to optimize efficiency, 

maintain QoS [1][16], increase the fairness between services [8] or a combination of these for each 

service. The third category includes algorithms with the purpose of combining the first and second 

categories. The studies undertaken so far have attempted to investigate and improve one or more issues 

related to resource allocation challenges. 

Our resources allocation problem considers the dynamic nature of the servers and hosts the services 

with the aim of increasing the minimum yield for services that the yield is based on the amount of 

resources allocated to the service. Following the increase in yield, increased fairness between services 

during resource allocation as well as increased performance and utilization of resources during the 

allocation process is regarded. In fact, we have considered a combination of system-oriented and user-

oriented goals. 

Many systems have been recommended for resource allocation in static environments 

[1][16][17][18][19] and dynamic environments [20][6][7][8][13][14][21][12] for SHPs. To the best of 

our knowledge, the dynamic element of the environment is included in the workload in most of these 

studies and the environment is static from other perspectives. Although we have considered resource 

allocation for a static workload, our RAP has dynamic servers (as a results of network issues, hardware 

and software problems, etc.) similar to the problem of resource allocation in the real world. In
 
[20], 

resource allocation delays the response to the request for as long as possible to deal with the dynamic 

and unpredictable workload. The overhead is reduced as much as possible by this policy, and 

consequently decreases the failure rate (reduces the problem instances for which the algorithm cannot 

find any allocation). 

We have considered resource allocation for an arbitrary number and various dimensions of the 

resources, however, in [16][8][20] resource allocation was considered for the CPU only. In other hand, 

we have divided the resources into the two categories that is similar to [7]. Resources are classified into 

load-dependent and load-independent categories, and each category is allocated accordingly.  
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The issue of QoS and service level agreements considered as criteria for resource allocation was 

addressed in several studies. In our paper, the resources are allocated by maintaining QoS requirements, 

allocating resources based on the best effort for services without QoS requirements and presenting an 

allocation undertaking that there will be no need for migration. In
 
[1], a shared cluster is employed to 

book resources intelligently, monitor the behavior and condition of the services with regard to resource 

use by applying various techniques and ensure maximum profits for providers according to the services 

status and their QoS requirements. We also consider QoS requirements for allocation in a dynamic 

environment, while [1] considers the case of a static environment. In [16], in a static environment, 

requests with the same resource demands are categorized in the same classes, and then the allocation is 

performed for these classes, which leads to the minimum possible use of resources. The objective 

function is a linear problem optimizing the average deviation between the share of the resource allocated 

to the service and its desired resource share. However, this allocation exhibits unfair behavior among 

services. In the second stage of optimization, this paper considers a bias for maximizing the least yield 

by using a quadratic objective function [22] to increase fairness. Fairer behavior is produced by 

maximizing the least yield among the services. Unlike [16], we encourage a fair allocation by 

maximizing the minimum service satisfaction across service requests.   

One of the goals that led to the popularity of SHPs was the increase in utilization of computing 

resources. We also define the utilization increase based on yield that the yield is based on the amount of 

resources allocated to the service. In [6], the utilization is increased by achieving the optimal response 

time for services, where the resource allocation is performed based on optimizing the service-yield 

average which is based on the response time of the services. In [7][8], the increase of utilization has been 

considered as the criterion for resource allocation in SHPs. These researchers limit the system 

disturbances at the start and end of a service using a dynamic placement, and respond to further requests 

by reducing placement changes on the one hand and providing the same workload on all the servers as 

far as possible on the other hand. In
 
[8], as in our work,  fairness among services is considered, with the 

aim of offering the same level of satisfaction among services. Furthermore, in [12], optimum utilization 

machines have been obtained by employing the parallel GA, thus expediting the search for the best 

placement. In the scheduling model of this system, the lists of idle resources and virtual machine (VM) 

requests are updated after any changes, and then physical resources are allocated to the VM requests.  

Some studies aim at increasing utilization during resource allocation by reducing the energy 

consumption. For example, [14] offers a dynamic resource allocation in the form of an energy-aware 

approach, based on the costs for the data center. The proposed system examines performance 

periodically to predict future resource requirements and enables the data center to estimate costs by 

balancing future needs and available resources and to provide a proper price for customers. In [13], a 

balance is created between demand capacity and energy consumption via migration of overloaded 

servers’ workloads to servers with a lower workload, or by turning off the servers with low workloads. 
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In other studies [9][10] the issue of static and dynamic resource allocation has been investigated with the 

aim of reducing the number of servers required and energy consumption to respond to requests. In [9], a 

GA and linear programming utilize resource needs as inputs and use the lowest possible number of 

servers that can provide a specific computing time and reduce the energy consumption. 

Due to their adaptive nature, evolutionary algorithms (EAs) have proven to be good optimizers for 

DOPs [23]. Over the past years, various attempts have been done by researchers to improve the 

efficiency of traditional EAs on DOPs.  

One way of addressing DOPs is to simply restart EAs from scratch upon detecting change in the 

environment. However, it is more sophisticated to develop other approaches that make use of 

information gathered from previous environments. Early EAs for solving DOPs endeavored to increase 

population diversity after detecting a change in the environment. For example, Cob [24] incorporated a 

hyper-mutation operator into a GA which temporarily creates a dramatic increase in the mutation rate 

after a change occurs. Vavak et al. [25] [26] also suggested a variable local search for controlling the 

mutation size. 

Another approach for dealing with DOPs is to maintain a sustainable level of diversity during the 

entire optimization process. For example, Grefenstette [27] proposed the random immigrants GA, where 

at each generation a part of the population is replaced by randomly generated individuals. Other 

examples of mechanisms for maintaining diversity are fitness sharing [28] and sentinel placement [29].  

Apart from the above approaches, many researchers have equipped EAs with a memory scheme 

that restores useful information about previously found positions in the search space. This technique is 

especially useful in periodical or recurrent environments, where the optima may repeatedly reappear in 

regions near to their previous positions [23].  

A group of studies has distributed the individuals of EAs among multiple populations where each 

population is responsible for handling a separate area of the search space. SOS [30], shifting balance GA 

[31] and multinational GA [32] are three well-known examples of multi-population GAs for DOPs. In 

this paper, we discuss the implementation and application of the self-adaptive multi-population GAs to 

solve the DRAP for SHPs. 

 

3. System Description 

A SHP includes servers that are connected to each other and provide shared resources among the 

services. The challenge is to allocate resources appropriately and collectively, and different studies 

pursue different goals with respect to the allocation process. In this paper, the allocation of resources is 

such that it can provide QoS, provide fairness between services, increase the utilization of the platform 

and maximize the utility functions of the service. In the following, the resource allocation system is 
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defined and implemented in the hosting platforms in order to try to optimize the allocation problem and 

achieve the above goals.  

 

3.1 Problem Definition 

A resource allocation system controls how hosting resources are shared between different services. 

Each service includes one or more VM instances, and the resource allocation system is responsible for 

sending the services to desirable servers. This system allocates resources accurately and fairly between 

VMs through VM monitors [33]. VM instances can migrate between servers when needed, but this is not 

within the scope of this research, and here we assume that VMs do not migrate between servers. In this 

system, the VM technology makes it possible to accurately share resources, including memory, disk 

space, CPU, etc., between VM instances. The assumptions and limitations for this resource allocation 

system are as follows: 

− Shared servers in hosting platforms are considered to be homogeneous, meaning that all servers 

share the same resources in terms of type and capacity. 

− The workload of services is considered to be static, meaning that each service requires a fixed 

and definite resource and the amount of requested resource does not change during the allocation 

process. 

− Each service includes just one instance of a VM; services with multiple VMs are not within the 

scope of this research. 

− Migration of VM instances between servers is not in the scope of this research, and therefore we 

assume that VMs do not migrate between servers. 

− The shared resources available on the servers vary, and we have considered two to six resources 

in various scenarios. 

 

3.2 Services and Resources 

Each server will share several resources to respond to the services in our proposed resource 

allocation system. We have divided these resources into the two categories of rigid resources and fluid 

resources. Therefore, the needs are also divided into fluid needs and rigid needs. 

When a rigid need requests a certain amount of resource, the service cannot benefit from allocating 

a larger amount of resources, nor can it start by allocating a smaller portion of the resource of the 

response to the request. However, if a fluid need requests a specific amount of resource, this is the 

largest part of the resource that can be used if the service is on a single server. Such a service cannot 

benefit from allocating a larger amount of resources, but it can start by allocating a smaller portion of the 

requested resource to the request, although the performance level will decrease. 

The following example from [19] clarifies this point. We assume that a service has two fluid needs, 

one of which requires 40% of the server’s input/output bandwidth, while the other requires 60% of the 
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server processor. In this example, this service cannot fully benefit from both resources due to the 

interconnection between input/output and computing. 

Our allocation system calculates the yield for the fluid needs of each service. This yield is based on 

the ratio of the amount of resource allocated to the relevant service and the maximum amount of the 

requested fluid resource. For example, if a fluid need, such as a CPU need, is 60%, but only 42% of the 

processor is allocated, then the yield will be equal to 42 ÷ 60 = 0.7. 

We assume that the yield of all resources corresponding to fluid needs in a service is linearly 

related in this allocation system. This means that for the above example, if only 20% of the input/output 

bandwidth is allocated (half the amount that could potentially have been used), then only 30% of the 

CPU can be used (this is also half the amount that could potentially be used - because of 

interdependence between I/O and computation) [19]. In this case, if the percentage of the fluid resource 

(such as the CPU) is up to half the requested percentage, thus consumption of other resources will be 

halved. In general, we calculate the yield on all fluid needs in a service and refer to it as the service’s 

yield. 

The obtained yield of a service will take a value between zero and unity, based on the above 

definitions, where zero corresponds to the case where no resource has been allocated to the related 

service, although the allocation system sets the lower limit for the service yield based on QoS 

requirements. In the previous example, if the minimum yield of the service is limited to 0.4 in order to 

meet QoS requirements, this means that the allocated CPU portion of the need must be at least 24% (0.4 

× 60% = 24%), and responding to the need will not be possible with less than this proportion of the 

processor. Fluid needs of services that have QoS requirements are called “constrained fluid needs”. Fluid 

resources in a best-effort model are allocated to services that do not have any QoS requirements. 

We have assumed that the rigid needs are completely independent of the fluid needs in order to 

simplify the allocation process in this resource allocation system. The question arises as to how the exact 

amount of these allocated resources is determined. Certainly, a SHP can host only a limited number of 

services at one time. The reasoning behind this research is based on the resources allocated to the 

services and optimization of their calculated yield. 

We reason that if all the resources allocated from each source to the services are optimal, then it 

can be said that almost all the resource-management goals are optimally addressed. Our proposed 

allocation system allocates the resources based on the QoS requirements of the services, and it uses the 

best-effort model when a service does not have any QoS requirements. In other words, the minimum 

required fluid resources are allocated based on the QoS requirements of each service initially, and parts 

without the use of resources are distributed equitably according to the QoS requirements of the services 

after allocating the minimum requirements. Generally, this resource allocation system works by 

increasing the lowest yield for services where maintaining the QoS is important, and allocating resources 

based on best effort for services that do not have any QoS requirements. Following this increase in yield, 
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providing greater fairness among services during the allocation of resources is considered, as well as 

increasing the performance and utility of resources during the allocation process. Since this method is 

independent of a specific purpose and addresses the goals of resource management generally, it can be 

used for many issues. For example, [34] provides an effective method for the parallel work-scheduling 

problem by optimizing the yield. 

 

3.3 Goals and Constraints  

According to the definition in the previous section, the yield of a service is defined between a 

certain positive minimum value and a value of unity. In cases where the yield is less than the minimum 

value, the resource allocation procedure fails. Informally, the yield is determined by the quality 

satisfaction of a service. Because services hosted by these platforms have different QoS requirements, 

they will have different minimum required yields. Therefore, for comparing service performance among 

services, we define the scaled yield: 

 

������	�	��� = 	 ��
��	��������	��
�����������	��
��   (1) 

 

For example, consider two services with minimum required yields of 0.2 and 0.4, where the yield is 

0.8 for the first service and 0.85 for the second service. The scaled yield of both services will be 0.75. In 

other words, each service has a yield of 75% between the lowest and highest yields. For a service with a 

best-effort allocation model, the lowest yield is equal to zero and the scaled yield equals the actual yield. 

Eq. (1) is not defined for the situation where the lowest yield is equal to unity. Such a service is 

always satisfactory, and its scaled yield is defined as unity in a valid and correct allocation, and 

otherwise is zero. If the scaled yield value of a service is negative, then the resource allocation fails. 

Moreover, if a rigid need encounters no response for a service, that resource allocation will fail. In the 

remainder of this article, the term ‘yield’ should be understood as the scaled yield, unless it is explicitly 

stated otherwise.  

 

3.4 Problem Formulation 

In the following description of the allocation problem, we formulate and consider our RAP as a 

linear program: 

We consider a number of services N (N > 0) with i = 1, ..., N. The SHP includes H homogeneous 

physical servers (H > 0) defined as h = 1, ..., H. For each accessible server, there are d types of 

resources, identified as j = 1, ..., d.  

For each service i: 

− rij is a number between 0 and 1 that specifies the need of service i to resource j. 

− δij is a binary value, considered to be 1 if	rij is a rigid need and 0 if it is a fluid need. 
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− y�
i
 is a number between 0 and 1 that specifies the minimum required yield of the service 

requirement based on the QoS requirements of that service. 

The linear program of the problem will be as follows based on the variables we have defined, 

where eih is a binary variable equal to 1 if service i runs on server h, otherwise it is 0. We specify the 

non-scaled yield of service i on server h with the variable y
ih

, which is equal to 0 if the service is not 

implemented on server h. Y is equal to the achieved minimum yield over all services. The limitations of 

the linear program are as follows, taking into account these definitions: 

 

∀ i,h        eih∈�0 , 1�   ,    y
ih
∈Q	   ,   0≤ y

ih
≤1  (2) 

We specify the scope and domain of the variables with these limitations where 0 ≤ Q ≤ 1 is a 

rational number.  

 

∀ i          ∑ eihh =1    (3) 

 

As previously mentioned, a service is completely encapsulated in a VM and runs only on one 

accessible server. Eq. (3) specifies this limitation. 

 

∀ i,h        0≤y
ih

≤eih    (4) 

 

Eq. (4) describes the fact that a service can obtain a non-scaled yield significantly greater than zero 

only on the accessible server on which it is executed. 

∀ i          ∑ y
ihh ≥y�

i
    (5) 

 

We show that a service must have a yield greater than or equal to its minimum required yield based 

on limitation (5). Of course, only one of these terms is non-zero. 

 

∀ h,j       ∑ rij y
ih
 1 - δij!+eihδij!i ≤1  (6) 

 

Based on limitation (6), we show that the portion of resource j on server h that has been allocated 

to services has, at most, a value of unity, i.e., when that resource is fully allocated to the corresponding 

service. In fact, if rij is a fluid need, then δij=0 and the part of resource j used on server h is rij× y
ih

 (the 

maximum usable part multiplied with the yield). On the other hand, if rij is rigid need, then δij=1 and the 

part of resource j which is used on server h is rij. 

 

∀ i          ∑ y
ihh ≥y�

i
+Y 1 - y�

i
!  (7) 
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Finally, we determine that the minimum yield over all services Y is no greater than the yield of any 

other services based on limitation (7).  

The current RAP is an NP-complete decision problem. For example, if two servers are considered, 

each of which supplies only one resource equally, and all services need only a rigid resource, the RAP is 

divided into two parts, each of which is NP-complete [5]. This result would be obtained even if all 

services needed only a fluid resource and no service needed the least yield with respect to the QoS 

requirements, i.e., it would still be an NP-complete problem [35]. 

The solution presented as a linear program to solve the problem in section 3, provides an exact 

solution, but one which is performed over an exponential time period. This exact solution takes a long 

time even for small problem instances (a small number of servers and services). Therefore, we present 

three developed algorithms based on a multi-population GA for dynamic resource allocation in SHPs 

from the literature. Lack of access to some servers during the allocation process creates a dynamic and 

uncertain environment.  

 

4. Proposed Self-Adaptive Multi-Population Genetic Algorithms 

In this section, first we describe the outline of our basic approach in detail. Two adaptations to 

the basic approach are then proposed to further enhance its performance by adding memory and random 

immigrant. 

 

4.1. Self-Adaptive Multi-Population Genetic Algorithm  

In the following, a self-adaptive multi-population GA (SAMPGA) is presented to sovle the DRAP. The 

proposed method is similar in many ways to the one discussed by Blackwell in [36]. The pseudo code 

for the proposed SAMPGA is shown in Figure 1. 

 

Algorithm 1. Self-adaptive multi-population genetic algorithm (SAMPGA) 

01: " ≔ 0 and initialize the first population $�(0) randomly; 

02: Evaluate population $�(0); 
03: repeat 

04:    if '()

 = 0 then 

05:       Generate a new free population;  

06:    else if '()

 > +
,-
.. then  

07:       Remove the worst free population;  

08:    end-if  

09:    for each population + do 

10:       if population + is excluded then 

11:          Randomize +; 

12:       else 

13:          $�/(") ≔ selectForReproduction ($�(")); 
14:          Crossover ($�/("),	0-); //0- is the crossover probability 

15:          Mutate ($�/("),	0�); //0� is the mutation probability 

16:          Evaluate the interim population $�/("); 
17:          $�(" + 1) := $�/("); 
18:       end-if  

19:    end-for  
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20:    Test for change; 

21:    for each population + do 

22:        Test for convergence; 

23:    end-for  

24:    Apply exclusion; 

25:    " ≔ " + 1; 

26: until the termination condition is met // e.g., " > "2�3 

Figure 1. Pseudo code for the self-adaptive multi-population genetic algorithm (SAMPGA)  

 

4.1.1. Genetic Algorithm 

This sub-section describes the key components, i.e. genetic representation, population initialization, 

fitness function, selection scheme, crossover, and mutation, for designing of the GA for the dynamic 

resource allocation in SHP. 

 

A. Genetic Representation 

In the proposed SAMPGA, each individual 4 is represented by a vector of positive integers 

45 = �6�7 , 697 , … , 6;7 � for each service 	 = 1,2, … , =. Hence, if service 	 is allocated to server ℎ, then the 6�7 
is set to ℎ.  

 

B. Population Initialization 

In SAMPGA each individual corresponds to a potential solution to the DRAP. The initial 

population $� = ?45�, 459, … , 45�@ is composed of a certain number of individuals. For each individual, the 

allocation of each service to a server is randomly generated.  

 

C. Fitness Function 

The resource allocation system is formulated to maximize the least yield among all services. The 

objective function of our problem, denoted as Y, is given by:  

 

� = 2	+�∈; A2	+B∈��,…,��	 )CD ��C ��ECD!FECD!(����C))CD ��ECD! G  (8) 

  

Where H is the set of indices such that (1 − J��)K�B 1 − L�B! is non-zero.  

In order to calculate the fitness of a feasible resource allocation we use the above Y and we define M = N ∙ (1 + �). In other words, to calculate the fitness, the least achieved yield over all services is 

multiplied by the number of available servers and added to the same number of available servers. 

Therefore, the fitness value for feasible chromosomes can range between H and 2H.  

 

D. Selection Scheme 

Selection is one of the most important components of the GA which is used to improve the average 

quality of the population by giving more chance to the higher-quality chromosomes for being exploited 
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in the next generation. There is a wide range of selection techniques in the literature. In this paper, we 

use the tournament selection and the tournament selection size is 5. 

 

E. Crossover and Mutation 

In this work, we adopt a one-point crossover to exchange partial chromosemes, i.e. sub-allocations, 

between two chromosomes. Given two parent chromosomes, the one-point crossover works as follows: 

(a) randomly chosen crossover point is selected, and (b) the contents of the chromosomes beyond the 

chosen point are swapped.  

After the crossover operation is completed, the population will undergo the mutation operation. 

The mutation operator randomly moves two services between two different servers. 

 

E. Repair operator 

Each newly generated chromosome may be an infeasible solution (resource allocation). In fact, 

some servers may be overloaded and unable to respond to a service. In this case, a repair cycle is used to 

convert an infeasible solution into a feasible one. To this end, after an infeasible solution is generated, 

the algorithm uses a greedy approach to redirect the services from overloaded servers to  less-loaded 

ones. The fitness value of an infeasible allocation is equal to the number of allocated servers that are not 

overloaded during the service. Therefore, it can range from 0 to H, where H is equal to the number of 

available servers.  

 

4.1.2. Creating and Removing a Population 

The SAMPGA starts with a single population and adaptively determines the number of populations 

either by creating new populations into the search space, or by removing redundant populations.  

In the proposed algorithm, populations are categorized into two groups: (1) free populations, 

whose expansion, i.e. the distance between its farthest individuals, is larger than a predefined radius K-P�Q, and (2) converged populations. Once the expansion of a free population becomes smaller than a 

radius K-P�Q, it is converted to a converged population. In SAMPGA, when the number of free 

populations ('()

) drops to zero, a free population is initialized in the search space for locating 

undetected or new emerging optima. On the other hand, free populations are removed from the search 

space if '()

 is higher than a threshold +
,-
... The mentioned process can be summarized as follows: 

 '(0)	=	1																																																																																																						
'(") = R'(" − 1) + 1		,  	  '()

 = 	0				SK    '()

 	<  +
,-
..

'(" − 1) − 1		, 		  '()

 	>  +
,-
..																																		
 

  

(9) 



13 

where '(") is the number of populations at time step ", and +
,-
.. is the maximum number of 

allowed free populations.  

 

4.1.3. Check the status of the populations 

As stated earlier, the status of each population is determined by the radius K-P�Q. In the SAMPGA, 

we define a radius called the convergence radius (K-P�Q), with the goal of improving local searches in 

promising areas and reducing the loss of objective function evaluations. A population in which the 

distance between the farthest individuals of its population is less than this radius is called a convergent 

population, and it remains in the next iteration and continues to search in its relevant area. However, a 

population in which the distance between the farthest individuals is greater than this radius is called a 

free population and we treat it in the next iteration based on Eq. (9). To calculate this radius, Eq. (10) is 

used: 

 

K-P�Q = UV�  (10) 

 

Here, W is the range of the search space which is calculated using Hamming distance. As 

explained earlier, the length of each chromosome is equal to the number of services, i.e. each gene 

represents a specific service. The maximum Hamming distance between two farthest solution occurs 

when all of their genes are different, which is equal to the number of services. ' is the number of 

current populations.  

This strategy ensures that at least one free population is exploring the search space with the aim of 

finding new optima. 

 

4.1.4. Overlapping and redundant search 

One of the key challenging task of addressing DOPs using multi-population approach is to keep 

each population on a distinct sub-area in the fitness landscape. On the other hand, several studies have 

confirmed that overcrowding of populations in the same sub-area of the search space is not effective. 

Most researchers have been using exclusion, which was proposed by Blackwell and Branke [37] over 

continuous search space, to differ the search areas covered by the populations and preventing them from 

redundant search. 

In this paper, we also used the concept of exclusion to differ the search territory of populations and 

avoid redundant search. To this end, we define an exclusion radius K
,-� to check the overlap between 

every pair of populations. Once the distance between the best individuals of two populations becomes 

smaller than the threshold K
,-�, exclusion operator triggers and  randomely re-initializes the weaker 

population, the one with lower fitness value, in the search space. The radius K
,-� is computed as 

follows: 
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K
,-� = UV�   (11)  

 

where W is the range of the search space. Here, we use the Manhattan distance to calculate W 

which is equal to (��+X"ℎ	SM	"ℎ�	�ℎKS2S6S2�) × (+Z2[�K	SM	6�K\�K − 1). ' is the number of 

current populations.  

 

4.1.5. Detection and response to changes 

The RAP considered in this paper is dynamic in the same way as in the real world, meaning that 

yield of service changes over time as a results of network issues, server failure, etc. In other words, some 

servers may become unreachable during the resource allocation process. Threfore, two types of change 

occur in the considered DRAP: 

I. Once a server becomes unreachable. In this case, the resource allocation should be 

performed without taking the corresponding server into account. 

II. Once a server becomes available after being unresponsive. In this case, the corresponding 

server may be able to increase the yield of the system and must be added to the resource 

allocation system for hosting the services. 

Therefore, the proposed model should be able to properly handle the above mentioned changes. In order 

to handle type I changes, the first step is to detect such changes. Several methods have been suggested 

for detecting changes in dynamic environments. See for example [23] for a good survey on the topic. 

The most widely used method consists in reevaluate memories of the algorithm for detecting 

inconsistencies in their corresponding fitness values. In this work, we considered the best solution of the 

algorithm. At each iteration, the algorithm reevaluates the best-found solution and compares its current 

fitness value against that from the previous iteration. Thus, if an inconsistency is found from this 

comparison, then we will assume that the environment has changed. Once a type I change is detected, all 

individuals are re-evaluated. The type II changes are known to the algorithm. In this case, we should 

only re-evaluate the global best solution to see if the new available server(s) could improve the 

performance of the resource allocation process.  

 

4.2. Memory-Based SAMPGA  

The idea of adding memory to evolutionary algorithms has attracted the attention of many authors. 

When an optimum is detected again in a previous position, the memory can recall that position and 

immediately move the population towards this new optimum. Additionally, memory can be useful for 

maintaining diversity and guiding the algorithm to promising areas after re-initialization. On the other 

hand, although additional memory may use information from the past, this may mislead the evolving 

process, preventing the exploration of new areas and the discovery of new optima. 
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In the process of dynamic resource allocation, it is possible to encounter repetitive environments in 

SHPs. Access to, and lack of access to, servers, may occur at any time, and if we store information from 

the environment before a server leaves, that information can be very useful when the server returns to 

the hosting platform. The allocation process improves its performance by using knowledge saved from 

the environment, and the result is more optimal than when repeating solutions are not considered. 

Therefore, we use memory enhancement in the SAMPGA and call it the memory-based self-adaptive 

multi-population GA (MSAMPGA).  

Before adding memory to the algorithm, some questions should be answered. First, should the 

memory be implicit or explicit? Implicit memory-based methods in dynamic environments are based on 

the storage of additional information from individuals to be used in the future. However, in explicit 

memory methods, a separate memory with a specific capacity is used, so that some individuals (usually 

the best individuals) is stored from the current generation and reused in subsequent generations or 

environments. In this method, if there is a certain similarity between the current environment and the 

previous environment, previous appropriate solutions are used and the performance of the algorithm is 

improved.  

If explicit memory is used, then the following three questions must be answered. First, which 

individuals will be stored in each memory storage event? Second, when the memory is filled, what 

strategy or strategies can be used for replacements? Third, how are individuals retrieved from memory 

and used? Answering to these questions is very difficult, and various strategies have been suggested in 

different studies. Reference [38] gives further details and comparisons of these strategies. 

We used explicit memory in MSAMPGA in order to develop the SAMPGA. Briefly, MSAMPGA 

operates as follows: 

(i) At the commencement of the run, allow the SAMPGA to run in its standard manner. 

(ii) If a new free population is created:  

- Add the best individual in the new population to the memory. 

- Identify the best individual among all the populations and replace instead of the nearest 

individual in the memory (If the best individual among all the populations is in the same 

new population, it is clear that these two steps are combined and only the best individual 

from the new population is added to the memory.). 

(iii) If a free population is removed: 

- Delete the worst individual from the memory.  

(iv) On the condition that no environmental change has been detected, return to step (i). 

(v) Upon detecting a change in the environment, go to step (vi). 

(vi) Re-evaluate the individuals in the memory. 

(vii) For all the individuals in the memory, specify the server that has the highest workload and 

replace by the server that has the lowest workload. 
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(viii) Replace the worst individual of the populations by the individuals in the memory, provided 

that they have more fitness. 

After retrieving the individuals from the memory, the individuals in the memory remain 

unchanged. The number of individuals in the memory is always the same as the total number of 

populations with these replacement, removal and retrieval strategies in the memory. After each change, 

the individuals stored in the memory have some useful information about current environment, adding 

an individual from the memory to each of the populations will help the population to achieve earlier 

convergence and faster adaptation to environmental changes. 

In the studies to date, replacement strategies for the most similar and the nearest individuals in the 

memory have been used. We also use the replacement strategy of the nearest individual in the memory 

in the MSAMPGA. We use the Manhattan distance to calculate how near the individuals are to each 

other. 

When a change occurs in the process of resource allocation to hosted services, after the individuals 

in the memory are re-evaluated, a server that has a greater workload reallocates the hosting of one of its 

services to a server that has a lesser workload. The reason for doing this is that it is usually the service 

with the lowest yield among all the services that will be hosted on the server with the highest workload. 

Since the main goal of our DRAP is to maximize the lowest yield, the chance of a higher yield for this 

service will be increased by moving this service to the server with the lowest workload. In this way, and 

using the knowledge available in the environment, the memory has a much greater effect in increasing 

the yield.  

 

4.3. Immigrants-Based SAMPGA  

As stated earlier, convergence is the most important challenge in dynamic environments which 

vary with time. Many methods have been suggested to prevent premature convergence, addressing this 

problem by preserving or creating diversity in the population. One of the effective methods is the 

random immigrant GA (RIGA) developed by Grefenstette in 1992 [27] with the goal of maintaining 

diversity during the runtime in dynamic environments. In RIGA, a fraction of the current population is 

replaced by new random individuals in each generation of the run. The individuals replaced may be 

random or may be the worst individuals i in the population. If the number of genes in an individual is 

high and the local optimum has a fitness value greater than the mean fitness of all possible solutions of 

the search space, the probability of survival of new random individuals is very low in general, because 

the selection methods used in the GA select the best solutions directly or indirectly and the probability 

that the fitness of new random individuals is higher than the current individuals is very small. Therefore, 

RIGA suggests the above method of replacing random individuals with the aim of preserving the 

diversity of populations. 
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However, in an environment with small changes, the RIGA may be distorted before the change 

takes place, leading to a decrease in performance. If the intensity of environmental changes is not high, 

RIGA may not have much effect on performance even when the change occurs, because the former 

population may still be good and suitable for the new environment. For this reason, the immigrant 

method in the GA was introduced in order to be used in an elitism-based immigrants algorithm (EIGA), 

which uses an individual replacement strategy based on the substitution of the elite of the previous 

iteration. 

In EIGA, in each iteration, after combination and selection according to the standard GA, the elite 

of the previous iteration are used as the basis for migration, such that the elite are mutated several times 

with a specific probability and become immigrants to replace the worst individuals in the current 

population. Using the elite of the former population in order to produce immigrants keeps them close to 

the current population, which is essential for increasing the performance of the GA in a dynamic 

environment [39]. 

Here, with the help of the unique properties of the immigrants, we use an improved elitist method 

in the SAMPGA, which we call the immigrants-based self-adaptive multi-population GA (ISAMPGA). 

We have tried to solve and run the problem completely realistically in allocating the considered 

dynamic resource. Since the number of non-accessible servers varies at each change in the environment, 

the intensity of the change varies over the runtime and the allocation process includes low, moderate and 

severe changes. With this in mind, the ISAMPGA is designed and operates as follows: 

 

(i) At the commencement of the run, allow the SAMPGA to run in its standard manner. 

(ii) Identify the population with the best individual among all populations and replace its worst 

individual by random immigrant. 

(iii) For each free population, replace the worst individual by an immigrant created based on the 

previous elite. 

(iv) On the condition that no environmental change has been detected, return to step (i). 

(v) Upon detecting a change in the environment, go to step (vi). 

(vi) For each convergent population, replace the worst individual by a random immigrant. 

(vii) For each free population, replace the worst individual by an immigrant created based on the 

elite before the environment change. 

 

The strategy we used in designing this algorithm is to achieve good performance when faced with 

any kind of change. The use of random immigrants and elitism-based immigrants covers both low-

intensity and extreme-intensity changes. When the environmental changes are small, the elitism-based 

immigrant maintains the algorithm close to the environment and provides more adaptability to the 
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environment. An elitism-based immigrant will be produced by creating a mutation in the elite of the 

previous iteration. The mutation operator used in this algorithm is a single point.  

Moreover, the use of a randomized immigrant for the best population in each iteration leads to 

escape from local optima, and wasted objective function evaluations are prevented by more efficient 

searching. One of the difficulties that algorithms face after an environment change is convergence. For 

an algorithm that converges, maintaining diversity and dispersion in the environment after a change in 

the environment takes a great deal of time and results in a significant drop in performance. Therefore, in 

the ISAMPGA, when changes occur in the environment, convergent populations will replace their worst 

individual by a random immigrant to increase diversity in the population and to give more effective 

coverage of the search space. 

 

5. Experimental study  

5.1. Experimental Settings 

In order to evaluate the performance of our algorithms on dynamic resource allocation in SHPs, 

various simulations are conducted on different resource allocation scenarios. Each scenario is composed 

of a combination of the number of services =, the number of requested resources, the QoS requirements ], as well as the rigid and fluid needs. The following settings were adopted for all scenarios: 

− In all scenarios, the hosting platform has 64 homogeneous servers (N = 64). 

− Experiments are performed for a different number of services = ∈ �100, 200, 500�. 
− Each service has a �-dimensional resource need, where � ∈ �2, 4, 6� is equal to an even number 

with 
d9 fluid needs and 

d9 rigid needs. For example, a scenario with � = 4 has 2 fluid needs and 2 

rigid needs. 

− The variable ] ∈ �0.00, 0.25, 0.50� represents the QoS requirement. 

− Needs for each service are generated by a normal distribution. Normal distributions with mean µ 

= 0.1 and standard deviation σ = 0.05 were used for fluid needs and normal distributions with 

mean µ = 0.5 and standard deviations σ = 0.25, 0.5 and 1 were used for rigid needs in different 

scenarios. 

Thus, 81 different scenarios (1×3×3×3×1×3) are generated, which will be used in the experiments. 

The data sets relating to each of these scenarios are stored in files and used for all experiments in order 

to make a more accurate and fairer comparison between the algorithms.  

All the algorithms used similar random seeds for starting each run. Moreover, the occurrence time 

of change is random and the number of changes is between 90 and 120 changes per run of the algorithm. 

As the occurrence time of environmental changes during the resource allocation is unpredictable in the 

real world, the changes are assumed to be random and probabilistic in the experiments. In fact, the 

server’s exit time and return time, and the time the server is out of reach are all completely random. In 
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the experiments, all conditions are the same for all algorithms in order to achieve a fairer comparison of 

the algorithms’ performances. All aspects of changes are also the same for all algorithms. 

Unless stated otherwise, the default values for the parameters of the proposed approach are according to 

Table 1. 

For each run of an algorithm 500,000 fitness evaluations is considered as the termination condition. 

For each experiment of an algorithm, 50 independent runs are executed each with a different random 

seeds. Finally, all the experiments were run on a 64-bit OS x64-based processor with Intel Core i7-

5500U CPU at 2.40 GHz and 8.0 GB RAM. 

 

Table 1. Default parameter settings for the proposed self-adaptive multi-population GAs 

Default value Parameter 

10 Number of chromosomes in each population 

7 Maximum number of free populations +
,-
.. 

2.5 b 

0.25 Crossover probability $-  

0.1 Mutation probability $� 

5 Tournament selection size 

 

5.2. Comparison metrics 

For measuring the efficiency of the tested algorithms, we considered the offline performance, best 

error before change and offline error which are well-known metrics for dynamic environments [23]. 

 

5.2.1. Offline Performance 

Offline performance is computed as the average of the best values found so far at each time step:  

 

$P((=
1

T
	∑ et

*T
t=1    (12) 

 

where et
*=max�e�, e9,…, et�, et  is the t

th
 evaluation and T is the maximum number of function 

evaluations. This measurement is problematic since it has to be ensured that the best solution found so 

far is the best solution for the current environment [40]. 

 

5.2.2. Best Error Before Change 

The other measure, which was first proposed by [41] as the accuracy method and later named best 

error before the change [23], is calculated as the average of the minimum fitness error achieved by the 

algorithm at the end of each environment, i.e., just before a new change: 

 

[[� = �c ∑ (ℎd − Md)cde�   (13) 
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where Md is the fitness value of the best solution obtained by the algorithm before the k
th

 change 

occurs, ℎd is the optimum value of the k
th

 environment and K is the total number of environments. In 

this study, we use both measures to evaluate the performance of the proposed algorithms. For more 

detail on the difference between the two measures mentioned, interested readers are referred to [42]. 

 

5.2.3. Offline Error 

The last measure is the performance measure suggested by [40] which is defined as the average of 

the smallest error found by the algorithm in every time step: 

 

fP(( = �g∑ �h∗gje�   (14) 

 

where T is the maximum number of fitness evaluations so far and �h∗ is the minimum error obtained 

by the algorithm at time step t. We assume that a function evaluation made by the algorithm corresponds 

to a single time step. 

 

5.3. Sensitivity analysis of the proposed methods 

In this sub-section, effects of key parameters (i.e., b, population size and the number of free 

populations +
,-
..) and components (i.e. distance measure) on the performance of the proposed 

SAMPGA were analyzed on different scenarios.  

 

5.3.1. Effect of different distance measures for convergence radius and exclusion radius, and 

parameter b 
As described in Section 4, the convergence radius (K-P�Q) and the exclusion radius (K
,-�) are two 

critical parameters of the proposed method. In order to calculate these parameters, we should first focus 

on solving one important challenge related to the status of the populations and overlapping among 

populations: how to suitably measure distance between two candidate solutions in the search space. 

Different distance measures can be used to calculate the distance between two candidate solution in 

discrete problem space. In this work, we used the Hamming distance and the Manhattan distance. Table 

2 and Table 3 show different combinations of distance measures for calculating K-P�Q and K
,-�. Four 

possible combonations were used as follows: 

− K-P�Q: N�22	+X, K
,-�:'�+ℎ�""�+ 

− K-P�Q: N�22	+X, K
,-�: N�22	+X 

− K-P�Q:'�+ℎ�""�+, K
,-�: '�+ℎ�""�+ 

− K-P�Q:'�+ℎ�""�+, K
,-�: '�+ℎ�""�+ 

 

Table 2. Best error before change of SAMPGA for α = 2.5 with different measuring modes for rconv and rexcl  
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N d ] 
Calculate Distance (convergence radius – exclusion radius) 

Hamming-Manhattan Hamming-Hamming Manhattan-Hamming Manhattan-Manhattan 

100 2 0.25 25.44±0.37 24.92±0.24 27.10±0.24 27.29±0.21 

100 2 0.5 42.33±0.35 41.24±0.34 44.04±0.30 44.26±0.24 

100 6 0.25 34.79±0.23 35.89±0.16 36.55±0.18 36.58±0.15 

100 6 0.5 55.10±0.19 54.32±0.16 54.93±0.16 55.00±0.19 

200 2 0.25 53.13±0.07 53.08±0.08 53.90±0.07 53.80±0.07 

200 2 0.5 56.84±0.19 64.14±0.22 63.93±0.18 63.73±0.24 

200 6 0.25 56.03±0.06 56.95±0.07 57.50±0.08 57.58±0.06 

200 6 0.5 53.74±0.18 65.16±0.17 65.36±0.17 65.88±0.20 

500 2 0.0 51.19±0.09 51.69±0.07 51.73±0.10 51.81±0.06 

500 2 0.5 54.34±0.26 65.55±0.20 65.00±0.17 65.62±0.17 

 

 

Table 3. Offline error of SAMPGA for α = 2.5 with different measuring modes for rconv and rexcl 

N d ] 
Calculate Distance (convergence radius – exclusion radius) 

Hamming-Manhattan Hamming-Hamming Manhattan-Hamming Manhattan-Manhattan 

100 2 0.25 25.48±0.44 24.96±0.30 27.22±0.28 27.36±0.30 

100 2 0.5 41.21±0.40 40.94±0.34 43.85±0.33 44.18±0.26 

100 6 0.25 34.82±0.26 36.10±0.23 36.53±0.23 36.92±0.26 

100 6 0.5 53.26±0.20 52.36±0.23 53.11±0.26 53.22±0.29 

200 2 0.25 52.83±0.22 53.11±0.21 53.96±0.21 53.81±0.22 

200 2 0.5 52.87±0.21 60.59±0.19 60.86±0.25 61.04±0.19 

200 6 0.25 56.21±0.18 57.02±0.21 57.65±0.19 57.66±0.18 

200 6 0.5 56.38±0.16 61.88±0.19 62.11±0.17 62.45±0.20 

500 2 0.0 50.44±0.24 51.62±0.25 51.63±0.20 51.59±0.20 

500 2 0.5 53.56±0.24 62.78±0.22 62.72±0.18 62.83±0.18 

 

Regarding Table 2 and Table 3, it is observed that the combination of Hamming distance and 

Manhattan distance are the best distance measures for computing K-P�Q and K
,-�, respectively. 

As the second part of this experiment, we investigate the effect of parameter b on the performance 

of SAMPGA for scenarios with different combinations of resource need � and QoS ]. The experimental 

results for different values of b are illustrated in Figure 2 to Figure 4.  

 

 

         

Higher values mean better efficiency. 

Figure 2. Offline performance of SAMPGA in various scenarios for different values of α (rconv : Hamming - rexcl : Manhattan) 
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Lower values mean better efficiency. 

Figure 3. Best error befor change of SAMPGA in various scenarios for different values of α (rconv : Hamming - rexcl : Manhattan) 

 

       

Lower values mean better efficiency. 

Figure 4. Offline error of SAMPGA in various scenarios for different values of α (rconv : Hamming - rexcl : Manhattan) 

 

From Figure 2 to Figure 4, it can be seen that SAMPGA with b = 2.5 provides best results. 

 

5.3.2. Effect of population size  

This experiment examines the effect of the number of chromosomes in each population. To analyze the 

effect of the population size of each population on the performance of the SAMPGA, the algorithm was 

run for different number of individuals per population. The obtained results for scenarios with different 

combinations of resource need � and QoS ] are summarized in Figure 5 to Figure 7. 

 

       

Higher values mean better efficiency. Note thath 

Figure 5. Offline performance of SAMPGA in various scenarios for different values of the population size 

 

      
Lower values mean better efficiency.  

Figure 6. Best error before change of SAMPGA in various scenarios for different values of the population size 
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Lower values mean better efficiency. 

Figure 7. Offline error of SAMPGA in various scenarios for different values of  the population size 

 

As expected, the population size has a great impact on the performance of the proposed algorithm. From 

one hand, a large population size induces more computational effort to evolve and this degrades the 

performance of the SAMPGA. From the other hand, a small population size increases the probability of 

falling into local optima which is detrimental to the performance of the SAMPGA. As can be observed 

in the figures, the algorithm performs better when each population has 10 individuals. 

 

5.3.3. Effect of the number of free populations +
,-
.. 
The main goal of this experiment is to investigate the effect of parameter +
,-
.. on the 

performance of SAMPGA for scenarios with different combinations of resource need � and QoS ]. As 

we mentioned in Section 4, free populations are responsible for exploring the search space to locate new 

promising areas. Therefore, it is expected that the parameter +
,-
.. has a significant influence on the 

behavior of the proposed method. On the one hand, a very small value of +
,-
.. will result in that the 

SAMPGA fails to sustain adequate diversity needed for locating promising areas of the search space or 

new emerging optima. On the other hand, a large value of +
,-
.. will create an excessive number of 

populations which is known to be mainly destructive. 

The results of experiments with different values for parameter +
,-
.. are presented in Figure 8 

to Figure 10.  

 

     

Higher values mean better efficiency. 

Figure 8. Offline performance of SAMPGA in various scenarios for different numbers of free populations 
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Lower values mean better efficiency. 

Figure 9. Best error before change of SAMPGA in various scenarios for different numbers of free populations 

 

     

Lower values mean better efficiency.  

Figure 10. Offline error of SAMPGA in various scenarios for different numbers of free populations 

 

From the above figures, the best results are observed when +
,-
.. = 7.  

 

5.4. Results and discussion 

In this section, we validate the performance of our algorithms based on a set of experiments with a 

subset of scenarios described in Section 5.1 (the full results for the complete set of experiments can be 

found in the supplementary file). We also compare our methods with self-organizing random immigrants 

GA (SORIGA) [43], a popular and highly regarded GA for DOPs. The values of parameters for the 

SORIGA are set according to the values given in [43]. The numerical results are given in Table 4 and 

Table 5.  

To determine the differences among tested algorithms, we applied nonparametric tests. First, we 

applied the Friedman’s test ($	 < 	0.05) to verify whether significant differences exist at group level, 

that is, among all algorithms. In case of such differences exist, then a Wilcoxon test (b	 = 	0.05) is 

applied to compare our proposed methods with SORIGA. The last column of Table 4 and Table 5 

includes the p-value of the Wilcoxon test. The outcomes of the Wilcoxon test revealing that no 

significant differences exist between the algorithms, are highlighted with an asterisk symbol.  

 

Table 4. Performance measurements of four algorithms in various scenarios using best-error-before-change 

N d ] SORIGA SAMPGA MSAMPGA ISAMPGA p-value 

100 2 0.25 33.16±0.09 26.32±0.26 25.64±0.25 21.95±0.37 0.00 

100 2 0.5 50.17±0.09 42.50±0.24 41.79±0.32 36.39±0.45 0.00 

100 6 0.25 40.54±0.06 35.12±0.18 35.04±0.18 31.72±0.51 0.00 

100 6 0.5 55.96±0.07 52.30±0.10 52.08±0.11 50.27±0.17 0.00 

200 2 0.25 53.53±0.06 52.19±0.08 51.28±0.66 49.72±0.12 0.00 

200 2 0.5 59.84±0.10 59.37±0.09 59.45±0.09 59.14±0.09 0.00 
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200 6 0.25 56.84±0.07 55.75±0.29 55.43±0.30 53.73±0.17 0.00 

200 6 0.5 62.75±0.05 62.38±0.06 62.37±0.05 62.50±0.05 0.00 

500 2 0.0 50.45±0.07 50.48±0.08 50.37±0.08 49.86±0.07 0.00 

500 2 0.5 64.74±0.13 65.53±0.21 64.97±0.13 64.84±0.09 0.22* 

500 4 0.0 52.06±0.06 52.04±0.06 51.95±0.06 51.46±0.06 0.00 

500 6 0.0 52.51±0.07 52.50±0.07 52.41±0.08 51.96±0.07 0.00 

The best results are highlighted in boldface. 

 

Table 5. Performance measurements of four algorithms in various scenarios using offline error 

N d ] SORIGA SAMPGA MSAMPGA ISAMPGA p-value 

100 2 0.25 33.42±0.14 27.34±0.23 26.67±0.23 23.20±0.42 0.00 

100 2 0.5 50.33±0.10 43.44±0.25 42.69±0.37 37.72±0.48 0.00 

100 6 0.25 40.70±0.12 35.76±0.18 35.77±0.15 32.54±0.46 0.00 

100 6 0.5 56.05±0.08 52.57±0.10 52.36±0.12 50.71±0.21 0.00 

200 2 0.25 53.59±0.08 52.33±0.07 51.91±0.19 50.06±0.14 0.00 

200 2 0.5 59.73±0.10 59.36±0.10 59.42±0.09 59.16±0.10 0.00 

200 6 0.25 56.94±0.08 55.97±0.14 55.69±0.10 53.76±0.34 0.00 

200 6 0.5 62.76±0.04 62.38±0.05 62.36±0.05 62.50±0.03 0.00 

500 2 0.0 50.45±0.08 50.50±0.08 50.38±0.08 49.89±0.07 0.00 

500 2 0.5 64.89±0.07 65.61±0.10 65.03±0.07 64.92±0.06 0.40* 

500 4 0.0 52.08±0.05 52.07±0.05 51.98±0.04 51.49±0.04 0.00 

500 6 0.0 52.46±0.06 52.45±0.05 52.36±0.06 51.94±0.05 0.00 

The best results are is highlighted in boldface. 

 

Different conclusions can be drawn from the comparisons in Table 4 and Table 5.  First, the 

algorithm ISAMPGA is clearly the best-performing algorithm on majority of scenarios. Considering 

Table 4 and Table 5, the ISAMPGA is the best in 10 out 12 problem instances. Besides, the SORIGA is 

the worst of four. It is outperformed by our best-performing algorithm on 11 out of 12. Note that for the 

problem instance with N=500, d=2 and ρ=0.5, the result of SORIGA is better than the result of our best-

performing algorithm. However, this superiority is not statistically significant (p-value>0.05). The 

reason why SORIGA exhibits such poor performance is that SORIGA  is unable to locate and track 

multiple changing optima simultaneously. Moreover, SORIGA is constantly trying to maintain the 

diversity, which may degrade its performance. Second, it is observed that the use of memory component 

and random-immigrant is favorable to the performance of the basic SAMPGA. However, ISAMPGA is 

more preferable than MSAMPGA.  

In order to have a better judgement about the optimality of the tested algorithms, we have 

performed non-parametric statistical tests using all obtained results. The analysis is divided in in two 

groups based on (a) offline error, and (b) best-error-before-change. The results are depicted in Figure 11 

using boxplot. It is important to note that the lower the rank the better is the algorithm performance. 

Each boxplot in the figure correspond to a GA variant with lines at the lower quartile, median, and upper 

quartile data values, where the whiskers are the lines extending from each end of the box to show the 

extent of the rest of the data. 
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Based on the figure, it is observed that ISAMPGA outperforms the other counterparts in terms of 

both offline error and best-error-before-change.  

 

(a) 

 

(b) 

Figure 11. Ranking of the methods using Friedman test in different scenarios. The graphics summarized the rankings according the 

performance measure: (a) best error before change and (b) offline error 

 

To conclude the above analysis, we conducted pairwise comparisons with the four algorithms using the 

Wilcoxon’s signed rank test. This time, all the reported values from Table 4 and Table 5 were used as 

input for the tests. The results of the performed pairwise comparisons are shown in Table 6, where the 

obtained p-value for every pair of algorithms are listed in the last column.  

 

Table 6. Pairwise comparisons using the Wilcoxon’s signed rank test in all tested scenarios 

Algorithm 1 vs. Algorithm 2 p-value  

ISAMPGA  MSAMPGA m. nnop × nq�r 

  SAMPGA o. ssns × nq�r 

  SORIGA o. ssss × nq�r 

MSAMPGA  SAMPGA t. qtns × nq�r 

  SORIGA n. nmur × nq�m 

SAMPGA  SORIGA p. nsqq × nq�m 

The values in boldface correspond to statistically significant differences between the involved algorithms (p-value<0.05) 

 

From Table 6, we can reach the conclusion that our proposed algorithms are significantly different from 

the SORIGA. This can be deduced from the lower ranks of our proposed methods in the Friedman test 

(see Figure 11). All in all, we can conclude that our proposed methods are more effective. 

Despite the results reported in Tables 4 to Table 6, we also analyzed the algorithms behavior over 

time. In Figure 12 and Figure 13 we plotted the evolution of the average current fitness error over time. 

For the sake of readability, only 20 changes per run were considered. Moreover, the results were 

averaged over 50 runs.  
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Figure 12. Evolution of average error over time for (H=64, N=100, d=2, ρ=0) 

 

Figure 13. Evolution of average error over time for (H=64, N=100, d=2, ρ=0.5) 

 

Regarding Figure 12 and Figure 13, the first thing that stands out is that SORIGA has the poorest 

performance during the whole search process. From the curves, it is noticeable that the SAMPGA can 

MSAMPGA have more or less the same performance. Finally, as can be observered in the figures, the 

ISAMPGA has a much better performance than the other three algorithms. 

As the final experiment, we have measured the running time of SAMPGA, MSAMPGA, 

ISAMPGA and SORIGA (see Table 7).  

 

Table 7. Average running time (in seconds) of different GAs for various scenarios with H=64, d=2, v=0.25 over 50 runs 

Method N=100 N=200 N=500 

SORIGA 0.22 0.32 0.56 

SAMPGA 0.24 0.36 0.59 

MSAMPGA 0.27 0.48 0.71 

ISAMPGA 0.25 0.41 0.83 

 

As expected, the running time of algorithms increases with an increase in number of services. As 

can be observed in Table 7, the SORIGA require less time than all other GA variants for different 
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number of service values considered. However, the difference between the running time of our 

algorithms and the SORIGA is not crucial. 

  

6. Conclusion  

A novel dynamic resource allocation in shared hosting platform was presented and discussed in this 

paper. The inaccessibility of the servers during the resource allocation has been considered, and different 

algorithms have been proposed to handle arising challenges.  

The first proposed algorithm, SAMPGA, is a genetic algorithm with a multi-population scheme to 

efficiently handle exploration, optimum tracking, change detection, and premature convergence. 

Simulation results showed that the SAMPGA outperformed SORIGA. The reason is that the SAMPGA 

benefits from multi-population scheme which is helpful for locating and tracking multiple optima 

simultaneously. 

The second algorithm, MSAMPGA, is a combination of SAMPGA and explicit memory that yields 

better results. MSAMPGA can speed up the adaptation of the populations with new environments after 

the change.  

The third extension to SAMPGA is ISAMPGA which aim at dynamic resource allocation using 

random immigrants. The remarkable features of the random immigrant improved the efficiency of 

SAMPGA. ISAMPGA helps the converged population to track the shifted optima after the change by 

generating diversity.  

The considered shared hosting platforms in this paper were homogeneous. Future reasearch may 

focus on applying the proposed methods for heterogeneous platforms. Moreover, the examined 

platforms were hosting services that had static workloads where the amount of requested resources is not 

changing during allocation and each service required static and determined resources. Another possible 

future research direction could be devoted to simulating situations where the  workload is also dynamic. 
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