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Abstract 

The energy consumption of a data center is the critical 

research issue, i.e. Virtual Machine (VM) placements to 

satisfy the resource requirements with minimum energy 

consumptions and active servers. The Multi-Objective Virtual 

Machine Placement (MOVMP) is a representation of a kind of 

combinatorial optimization problem. In this paper, Teaching 

Learning Based Optimization (TLBO) is used to solve the 

MOVMP problem. Our approach accounts for the multi-

objective resource management and the simulation based 

result validate the effectiveness of TLBO compared to First 

Fit (FF), Best Fit (BF) and Genetic Algorithm (GA).  

Keywords: Multi-Objective, Virtual Machine, Teaching 

Learning Based Optimization, Metaheuristics, Genetic 

Algorithm, Energy Aware Computing. 

 

INTRODUCTION 

Cloud computing is based on the concept of dynamic 

provisioning, which is applied to services, computing 

capability, storage, networking, and infrastructure to meet 

user requirements. The resources are made available for the 

users through the Internet and offered on a pay-as-use basis 

from different Cloud computing vendors. 

Technology, that makes cloud computing feasible are 

virtualization, cyber-infrastructure, and service orient 

infrastructure [1]. It offers scalable and elastic computing and 

storage services. The resources used for these services can be 

metered and the users can be charged only for the resources 

they used. From a provider’s perspective, maximize profits by 

minimizing the operational costs. The adoption and 

deployment of cloud computing platforms have many 

attractive benefits, such as reliability, quality of service and 

robustness [2]. Cloud users can access computing resources 

without having to own, manage, and maintain them. There are 

three common cloud computing models known as 

Infrastructure as-a-Service (IaaS), Platform-as-a-Service 

(PaaS), and Software-as-a-Service (SaaS). 

 

Virtualization 

In the core technology, cloud computing uses the 

virtualization [3-6], which separates resources and services 

from the underlying physical delivery environment. The 

resources of a single physical machine (PM) are sliced into 

multiple isolated execution environments for multiple virtual 

machines (VMs). Virtual Machine Placement (VMP) is an 

important topic in cloud environment virtualization, in 

particular in IaaS model. VMP maps a set of virtual machines 

to a set of physical machines. For the cloud providers, a good 

VMP solution should maximize resource utilization and 

minimize power consumption [7]. 

The virtual technology enables on-demand or utility 

computing a just-in-time resource provisioning model in 

which computing resources, such as CPU, memory, and disk 

space are made available to applications only as needed [8]. 

Through virtualization, a cloud provider can ensure the quality 

of service (QoS) delivered to the users, while achieving a high 

server utilization and energy efficiency. VM placement is an 

important approach for improving power efficiency and 

resource utilization in cloud infrastructures. Several research 

works [9, 10] addressed the importance of placing VMs 

appropriately. Vogels [11] quoted the benefit of packing VMs 

efficiently in server consolidation. The proxy placement [12, 

13] and object placement/replacement [14, 15] for transparent 

data replication bear some resemblance to the issues we face. 

Since, they all attempt to exploit the flexibility available in 

determining proper placement. In this paper, physical 

machines (PMs) or hosts or servers have the same meaning. 

A Process for VM Placement 

 For each server, compute application resource 

requirement using server’s resource usage statistics 

over a period of time (e.g., several 

days/weeks/months). 

 Choose a target server with compatible virtualization 

software, comparable CPU types, similar network 

connectivity, and usage of shared storage. 

 Place the first VM on the first PM. 
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 Place the second VM to be place on the same PM if 

it can satisfy the resource requirements. If not, add a 

new PM and place the VM on this new machine. 

 Continue until each of the VMs has been placed on a 

PM, adding a new PM when required. 

 

CPU Power Consumption 

The measurement results shown in Fig. 1 by specpower.com, 

even with nearly zero percentage of CPU utilization, a server 

can cost up to 50%-60% of the maximum power consumption 

[16-19]. Thus, it is better to push up the CPU utilization rate 

to achieve better energy efficiency. 

 

 

Figure 1: Benchmark of power consumption at various CPU 

utilization [18] 

 

Evolutionary Algorithms 

Currently, variety of traditional mathematical programming 

methods [20-22] are available to solve MOPs. However, some 

researchers [23-26], have identified several limitations of 

traditional mathematical programming approaches to solve 

MOPs. Some of them are the following: 

 We need to run many times those algorithms to find 

several elements of the Pareto optimal set. 

 Many of them require domain knowledge about the 

problem to be solved.  

 Some of those algorithms are sensitive to the shape 

or continuity of the Pareto front. 

 

These complexities call for alternative approaches to deal with 

certain types of MOPs. Among these alternative approaches, 

we can find Evolutionary Algorithms (EAs), which are 

stochastic search and optimization methods that simulate the 

natural evolution process. At the end of 1960s, Rosenberg 

[27] proposed the use of genetic algorithms to solve MOPs. 

However, it was until 1984, when David Schaffer [28] 

introduced the first actual implementation of what it is now 

called a Multi-Objective Evolutionary Algorithm (MOEA). 

From that moment on, many researchers [4], [29-33] have 

proposed a wide variety of MOEAs. As other stochastic 

search strategies (e.g., simulated annealing, ant colony 

optimization, or particle swarm optimization). 

Genetic Algorithm (GA): is a probabilistic optimization 

algorithm that imitates the progression of natural evolution. 

The biological evolution process in chromosomes became the 

idea of GA. It is based on the idea of the fittest survival where 

new better solutions are obtained by recombination of with 

each other. Algorithm 1 shows the pseudo-code for GA 

algorithm for the optimal solution in cloud computing. 

Algorithm 1: Pseudocode of a Genetic Algorithm 

1 t ← 0 

2 Generate an initial population P(t) 

3 while the stoping criterion is not fulfilled do 

4  Evaluate the objective vector f for each 

individual in P(t). 

5  Assign a fitness for each individual in P(t). 

6  Select from P(t) a group of parents P'(t) 

preferring the fitter ones. 

7  Recombine individuals in P'(t) to create a child 

population P"(t) 

8  Mutate individuals in P"(t) 

9  Combine P(t) and P"(t) and select the best 

individuals to get P(t+1). 

10  t ← t + 1. 

11    end. 

 

The fitness assignment scheme requires a ranking of the 

individuals according to a preference relation and then, 

assigning a scalar fitness value to each individual using such 

rank. The selection for reproduction (line 6) is carried out as 

in the single objective case, for instance, using tournament 

selection. In contrast, the selection for survival (line 9), 

intended to maintain the best solutions so far (i.e., elitism). It 

helps the VM allocator to choose the right machine for the 

allocation of resources. 

 

SYSTEM MODEL 

In a cloud environment, we have a pool of server nodes with 

applications running on them. The Data Center is fully 

virtualized and all the applications are running on VMs. The 

problem of VM placement across a pool of server nodes is 

related to the multidimensional vector packing problems. 

Dimensions in the packing problem are resource utilizations.  
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Figure 2: Cloud Computing Architecture 

 

In our work, we used two dimensions to characterize a VM 

and a server node CPU and memory. We do not consider the 

disk size dimension because we assume that network-attached 

storage (NAS) is used as main storage across the cluster. If 

two VMs are running on the same server, the CPU utilization 

of the server is estimated as the sum of the CPU utilizations of 

the two VMs. To prevent CPU and memory usage of a server 

from reaching 100%, we have to impose an upper bound on 

resource utilization of a single server with some threshold 

value. The main idea behind this is that 100% utilization can 

cause severe performance degradation and VM live migration 

technology consumes some amount of CPU processing 

capability on the migrating node. Fig. 2 shows the Cloud 

Infrastructure of the system. These are some assumptions of 

virtualization system:  

 Virtualization technologies allow the creation of 

multiple virtual machines on any of the available 

host.  

 Hosts consumes energy in an idle state to perform 

maintenance functions and denoted as Pmin. 

 Hosts consumes more energy as per utilization of the 

CPU by the VMs.  

 Hosts consumes maximum energy at the pick level 

and denoted as Pmax.  

  

Energy Consumption Modeling 

The power consumption of servers can be accurately 

described by a linear relationship between the power 

consumption and CPU utilization [34, 35]. In order to save 

energy, servers are turned off when they are idle. Hence, their 

idle power is not part of the total energy consumption. Finally, 

we defined the power consumption of the ith server as a 

function of the CPU utilization as shown in Eq. (1). 
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Where the Ui(τ) represent the CPU utilization of ith host server 

Ri at time τ. Pmax and Pmin are the power consumption at 

highest level  and at idle respectively.  

 

Resource Wastage Modeling 

The remaining resources available on each server may vary 

greatly with different VM placement solutions. To fully utilize 

multidimensional resources, the following equation is used to 

calculate the potential cost of wasted resources:  
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Where Wi denotes the resource wastage of the ith server, Ui(p) 

and Ui(m) represent the normalized CPU and memory 

resource usage (i.e., the ratio of used resource to total 

resource). Li(p) and Li(m) represent the normalized remaining 

CPU and memory resource. ε is a very small positive real 

number (= 0.0001 to avoid the divide by zero). 

 

Optimization formulation 

Suppose m number of  VMs that are to be placed on n servers. 

Let Rpj be CPU demand of each VM, Tpi be the threshold of 

CPU utilization associated with each server, Rmj be the 

memory demand of each VM, and Tmi be the threshold of 

memory utilization associated with each server. We use two 

binary variables xij and yi . The binary variable xij indicates if 

VMj is assigned to server i and the binary variable yi indicates 

whether server i is in use or not. The placement problem can 

be formulated as [36] as eq. (3)-(8) :   
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Constraint Eq. (5) assigns a VMj to only one of the servers. 

Constraints Eq. (6) and Eq. (7) model the capacity constraint 

of the server. Constraint Eq. (8) defines the domain of the 

variables of the problem. Given a set of m VMs and a set of n 

PMs, there are a total of m*n possible VMP solutions. 

 

TEACHING LEARNING BASED OPTIMIZATION 

(TLBO) 

TLBO is a one of the best among meta-heuristic techniques 

with highly competitive performances [37]. The prominent 

feature of this computational technique is that it is free from 

algorithm specific parameters. it uses the mean value of the 

number of students of the classroom to update the solution 

and have greediness to accept a good solution [38]. TLBO 

initiates with a group of tentative solutions, called learners, 

dispersed randomly in the problem search space. The learners 

update their knowledge due to course of time, i.e., fitness, 

through two stage learning process: “Teacher phase” and the 

“Learner phase”. The ever best learner obtained through the 

iterative process is considered as the final solution. The 

learning phases of TLBO can be summarized as below 

[39,40]. 

 

Teacher phase 

In this phase, learners learn through the teacher who tries to 

improve the existing mean result Meand,t of the class at 

iteration t for each dimension d towards him or her so let the 

new mean is Teacherd,t. The difference of the mean results is 

then evaluated as below:  
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where TFd,t is the teaching factor given by eq. 10 and each 

dimension is updated using eq. 11.  
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Accept Xnewd,t  if it gives better fitness value.  

 

Learner phase 

In this phase each learner improves his or her knowledge by 

interacting randomly with other learners. A learner interacts 

randomly with other learners for enhancing his or her 

knowledge. A learner learns new things if the other learner 

has more knowledge than him or her. For the iteration t, two 

learners are randomly chosen. If they have better knowledge 

than the learner, the difference between them is added in the 

learner knowledge according to Eq. (12), and Eq. (13). 
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where y ≠ z. Accept Xnewd,t  if it gives better function value. 

 

Algorithm 2 decribes the proposed TLBO for VM Placement 

algorithm.  

Algorithm 2: Pseudocode  of MOVMP using improved TLBO  

1  t ← 0 

2  Objective functions f1 and f2 calculated as Eq (3) and  

(4). 

3  Generate an initial students of the classroom using 

greedy search algorithms, some random search and 

constraints handling algorithms. (Place VM as per 

Constraints Eq. (5)-(9) )  

4  Calculate the Objective vector functions f1 and f2  for 

whole students of the classroom as Eq (3) and Eq (4). 

5  while the stoping criterion is not fulfilled do 

6   // Teacher phase // 

7   Calculate the mean of each design variable xmean 

8   Identify the best solution(teacher) 

9   for i = 1 to N do  

10    Calculate the teaching factor  

T(i, F) = round[1 + rand(0, 1) * (2-1) ]  

11    Modify solution based on best 

solution(teacher) 

xnewi = xi + ∇ Meand,i  

12    Calculate objective functions for new mapped 

students. 

13     if   xnewi is better than xi  then 

14     xi  = xnewi    

15    End 

16    // End of Teacher phase // 

17    // Student phase // 

18    Randomly select another learner (xj),   such 

that j ≠ i  

19     if    xi is better solution than xj than 

20     xnewi = xi + rand(0,1)*(xi - xj) 

21     else     

22     xnewi = xi + rand(0,1)*( xj - xi) 

23    End 

24      if  xnewi is better than xi  then 

25     xi  = xnewi    

26      End 

27    // End of Student phase // 

28     End 

29   t ← t + 1. 

30     End 

 

SIMULATION RESULTS 

In this paper, The performance of proposed TLBO is 

evaluated in the term of the number of active servers, the 

energy consumption , the servers utilization. The methods are 
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investigated on the CloudSim simulator, number of VMP 

requests are 100 to 1000.  

Like GA, TLBO is also a population-based algorithm, which 

implements a group of solutions to proceed to the optimum 

solution. GA requires the crossover probability, mutation rate, 

and selection method to improvisations. Unlike other 

optimization techniques TLBO does not require any algorithm 

parameters to be tuned, thus making the implementation of 

TLBO simpler. TLBO uses the best solution of the iteration to 

change the existing solution in the population, thereby 

increasing the convergence rate. As in GA, which uses 

selection, crossover and mutation. TLBO uses two different 

phases, the ‘teacher phase’ and the ‘learner phase’. TLBO 

uses the mean value of the population to update the solution. 

In Active servers experiment, the number of VMP requests 

are 100, 200, 300, ..., 1000. The result shown in Fig. 3 gives 

the comparison results of active servers with First Fit (FF), 

Best Fit (BF) and Genetic Algorithm(GA). As shown in Fig. 3 

with the different size of VMP requests, the TLBO approach 

always gives the minimum number of active servers.  

  

Figure 3: Comparison on Number of Active Servers 

 

In Fig. 4 shows the comparison results of servers/PMs 

utilization of the all active servers/PMs. As shown in Fig. 4 

with the different size of VMP requests, the TLBO approach 

always gives the better utilization compare to the other 

approaches.   

 

 

Figure 4: Server Utilization 

In Fig. 5 shows the total energy consumptions of all active 

servers. As shown in Fig. 5 with the different size of VM 

requests, the TLBO approach always gives the lowest energy 

consumption with compare to the other approaches.  

 

Figure 5: Total Energy Consumption in cloud infrastructure 

 

CONCLUSION 

In this paper, we present the optimized virtual machine 

placement optimization approach for a cloud data center to 

reduce the total energy consumptions with better VMP 

algorithm using TLBO. Our approach accounts for the multi-

objective resource management. The simulation based result 

validate the effectiveness of our approach compared to the 

other approaches. Future work focused on providing the VMP 

with the migrations.  
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