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Abstract: Cloud computing enables the delivery of various services over the Internet. Cloud Service
Providers manage these services using Virtual Machines, which emulate physical machines to provide
the necessary computing resources. Efficiently managing and allocating these resources is essential
for achieving optimal performance and cost-effectiveness. Yet, the increasing complexity and size of
cloud environments pose issues for Virtual Machine Placement (VMP), a problem acknowledged as
NP-hard because of its complicated and exponentially growing solution space. This paper addresses
the multi-objective VMP problem, focusing on energy management and resource utilization. We
adapted the Adaptive Large Neighborhood Search (ALSN) algorithm for VMP by using five problem-
specific destroy and repair operators to generate new solutions. These operators are selected adaptively
by changing their probabilities according to their performance on runtime. Also, a weight value is
utilized to improve the spread of solutions on the Pareto set generated by ALNS. To the best of our
knowledge, ALNS has never been used in multi-objective VMP. Extensive experiments are conducted
on problem instances using both legacy and modern physical machine configurations. The results show
that the ALNS algorithm outperforms state-of-the-art algorithms such as the strength Pareto evolutionary
algorithm II (SPEA-II), the non-dominated sorting genetic algorithm II (NSGA-II), and the epsilon
dominance NSGA-II (e-NSGAII), achieving up to 4.2 higher hypervolume in large-scale scenarios and
maintaining solution diversity where others fail. The experimental results demonstrate the robustness
and adaptability of the ALNS algorithm in varying hardware configurations and large-scale instances.

Keywords: virtual machine placement problem; multiobjective optimization problem; adaptive large
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1. Introduction

Cloud computing has established itself as the primary method of delivering services through the
provision of virtualized resources on demand. Cloud Service Providers (CSPs) oversee the provision of
computing resources to meet the Service-Level Agreement (SLA), which entails metrics such as security
and quality that CSPs must achieve. Users access infrastructure, platforms, and software applications as
a service, paying only for what they use from any location and at any time. At the center of these services
are virtual machines (VMs), which simulate physical machines by enabling the necessary computing
resources in a virtual environment. VMs provide CSPs with a powerful mechanism to efficiently manage
and allocate resources dynamically, ensuring optimal performance and cost-efficiency. However, the
increasing complexity and scale of cloud environments require sophisticated strategies for the placement
of virtual machines (VMP). Figure 1 shows a generic representation of VMP.

Virtual Machine Manager (VMM)
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Figure 1. VM Placement in Cloud Computing.

The rapid expansion of cloud programming highlighted the need for efficient solutions for VMP,
which is vital for CSPs due to its direct impact on the performance and energy consumption of data
centers, ultimately affecting both operational costs and customer satisfaction.
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VMP involves mapping a given set of virtual machines (VMs) into a limited number of physical
machines (PMs) while maintaining several conflicting objectives, such as optimizing resource utilization,
energy management, minimizing communication costs, and delays. Due to its complex nature and
exponential growth of solution space, VMP has been acknowledged as an NP-hard problem [1, 2].
To address these challenges, heuristic algorithms like First Fit Decreasing [3], Best Fit [4], or meta-
heuristic algorithms such as Ant Colony Optimization [5], Particle Swarm Optimization [6], and Genetic
Algorithm [7] are often used.

The VMP problem can be divided into static and dynamic settings. In static VMP, the workload
of all VMs is known in advance and does not change. In real systems, it is often utilized in the initial
provisioning phase, when VMs are first deployed. On the contrary, dynamic VMP includes reallocation
or migration of VMs due to changing requirements of VMs, failures, and load imbalances in PMs. This
paper focuses on the static VMP setting, aiming to determine an initial placement of VMs onto PMs
while optimizing for energy efficiency and resource utilization.

In order to stay competitive and minimize the cost, CSPs combine two or more objectives. Trying to
tackle these objectives alone might result in a suboptimal solution that reduces overall system
performance. For example, aggressively trying to minimize energy consumption can lead to SLA
violations due to insufficient resource allocation to the users or loss in performance. Contrariwise,
maximizing the performance could cause unnecessary energy consumption and increased costs.
Therefore, much of the research focuses on solving Multi-Objective VMP.

Despite considerable advancements in heuristic and metaheuristic strategies for Virtual Machine
Placement (VMP), present studies largely depend on population-based methods, such as Genetic
Algorithms [7], Ant Colony Optimization [8], and Particle Swarm Optimization [6]. These strategies,
while effective, frequently face challenges related to scalability, convergence, or the preservation of
solution variety as the problem size expands. Additionally, adaptive single-solution based search
strategies, like the Adaptive Large Neighborhood Search (ALNS) framework, have not been extensively
investigated for VMP problems, especially in a multi-objective environment.

This paper tackles energy management and resource utilization objectives to solve the multi-objective
VMP problem. The proposed solution utilizes an extended Adaptive Large Neighborhood Search
(ALNS) used by Erdogdu et al. [9], and the algorithm has been successfully applied to other single and
multi-objective problems [10—12]. ALNS focuses on a strategy that destroys and repairs parts of a single
solution. This strategy is particularly effective at escaping local optima and balancing exploration and
exploitation. The adaptive selection of operators based on their real-time performance further enhances
it as a strong candidate for handling the large, NP-hard solution space of VMP problems. Five destroy
and repair operators are integrated to use ALNS for the VMP problem. To the best of our knowledge,
ALNS has never been applied in VMP to create a Pareto set of solutions. The proposed solution is
compared with non-dominated sorting genetic algorithm II (NSGA-II), strength Pareto evolutionary
algorithm IT (SPEA-II), and epsilon dominance NSGA-II (e-NSGAII).

The remaining sections of the article are organized as follows: Section 2 presents the current state of
the research on this topic. Then, in Section 3, the details of the proposed solution are listed. Following
that, Section 4 demonstrates the experimental work. Finally, this study’s summary and future work
constitute Section 5.
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2. Related Work

The VMP problem has been an active research topic [13] with varying objectives ranging from
energy management, resource utilization, network traffic, and multi-objective. Azizi et al. [14] proposed
a Greedy Randomized Algorithm for large-scale data centres with multi-dimensional resources. They
apply the greedy solution to reduce the number of required PMs and energy consumption. Wang
et al. [15] also designed a two-phase greedy algorithm that focuses on the power efficiency of PMs
to decrease active PM count and energy consumption. Lu et al. [7] introduced an improved genetic
algorithm (GA), which innovates the initial solution generation step of GA. Their algorithm displayed
significant improvements in energy efficiency. Moorthy et al. [5] use ant colony optimization to
dynamically allocate resources to meet VM demands. They proposed a system to prioritize resource
utilization and minimize migrations of VMs.

Real-life scenarios of VMP require optimizing multiple conflicting objectives. Gao et al. [8] proposed
a multi-objective ant colony algorithm to tackle resource wastage and energy consumption objectives
simultaneously. Their experiments show the algorithm can compete with existing multi-objective
algorithms and demonstrate scalability for real-life cases. Another VMP algorithm designed by Braiki
et al. [6] is based on particle swarm optimization that aims to minimize energy consumption and
resource wastage. Their fitness calculation gave equal weight to objective fitness functions and reduced
it to a single objective. Another work by Braiki et al. [16] introduced a fuzzy algebra that combines
energy consumption and resource utilization. They use a fuzzy-based multi-objective implementation
of best fit-decreasing. Their method shows improvements in both objectives. Recent research has
increasingly explored learning-based techniques for solving the VMP problem. Qin et al. [1] proposed a
multi-objective reinforcement learning approach that finds a Pareto set by minimizing both resource
wastage and energy consumption. They employed a Chebyshev scalarization function to simplify
weight selection across multiple objectives. Another recent research that focuses on reinforcement
learning is done by Bhatt et al. [17] aims to optimize resource and energy management. They applied a
multi-objective reinforcement learning strategy that uses an enhanced VM selection strategy along with
two resource management heuristics to order VMs.

ALNS framework was first introduced by Ropke et al. [12, 18] to solve the vehicle routing problem.
Instead of using one large neighborhood, they applied various destroy and repair operators to a given
solution. These operators are selected dynamically based on their past performance. Recent works
of ALNS also focus on solving multi-objective problems. Rifai et al. [19] employed ALNS to solve
distributed reentrant permutation flow shop scheduling. They simultaneously satisfied three objectives:
minimizing makespan, total cost, and average tardiness. Liao et al. [20] developed ALNS in order to
tackle the Green Meal Delivery Routing Problem. They proposed a multi-objective scheduling model to
maximize customer satisfaction and rider balance utilization and minimize carbon footprint. Erdogdu et
al. [9] proposed a hybrid-ALNS algorithm that utilizes two new local search algorithms. They studied a
multi-objective green vehicle routing problem with two objectives: minimizing the total distance and
fuel consumption of all vehicle routes.

In this work, we propose a solution based on the ALNS algorithm. Demir et al. [10] put forward an
extended ALNS algorithm to solve the pollution routing problem. The algorithm includes a simulated
annealing (SA) mechanism to accept worse solutions with a probability. This mechanism allows us to
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conduct extensive exploration of search space. Five destroy operators are utilized to access a diversity
of solutions. After that, one of the five repair operators is selected to generate a new solution. Repair
algorithms include greedy methods such as Best Fit [21], First Fit Decreasing [22], Greedy Randomized
Algorithm [14], and random repair. These operators are explained in Section 3.2.1 and 3.2.2

The following section will explain the formal definition of the VMP problems that we focus on in
this study and provide detailed information about the expanded ALNS algorithm.

3. Methodology

3.1. Problem Formulation

As mentioned in the introduction, CSPs must stay competitive by solving VMP problems that
combine two or more objectives. Therefore, this paper tackles the VMP problem with two main
objectives: energy management and resource utilization with the SLA constraints.

Let V = {vi,v,,...,v,} be the set consisting of n virtual machines (VMs).

A VM comprises two types of resources that CSP must fulfill: CPU and Memory. These
requirements are represented as a vector of tuples for each v;

vi= (Pvmemy), ie{l,2,...,n). (3.1

1

The vector of P represents the m physical machines (PMs) as follows:

P=A{pi,p2....Dn} (3.2)

A PM consists of two different resource capacities: CPU and Memory. A vector of tuple p; denotes
these capacities as follows:

pi =P ™), ie{l,2,...,m}. (3.3)

A solution for VMP can be represented as an n X m matrix y,

Mt M2 o Uim
p= (3.4)
nl .. ... llnm

where y;; € {0, 1} and y;; = 1 denotes the assignment of i VM on the j™ PM. Note that a VM can only
be placed on a single PM, that is,
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D=1, Viell,2,....n). (3.5)
j=1

3.1.1. Energy Management

Cloud computing demands a substantial amount of electrical energy to function. Therefore, it’s vital
to implement Green Cloud Computing [23] solutions in order to reduce operational costs and minimize
the environmental impact. Beloglazov et al. [24] introduced a power consumption function that can
represent the energy consumption of j* PM as follows:

k’ Pmax + (1 - k) Pmax Uc:pu’ if ij = 1’
PUS™) = ! ;”’ (3.6)

0, otherwise,

cpu Vi X,U,‘j
U= S (3.7)

where P,,.x represents the maximum power consumed by a fully utilized PM, k is the fraction of the
power consumed by the idle PM, and U;p “ is the CPU utilization of the jth PM which is calculated as in
Equation 3.7. Equation 3.6 ensures that if a PM has no VMs allocated to it, it is considered powered off
and does not contribute to the calculation of total power consumption.

3.1.2. Resource Utilization

Effective resource utilization is pivotal for data centers to reduce operational costs and increase
overall efficiency. The aim is to effectively allocate all demands to maximize the resource utilization of
PMs. This paper focuses on a static VMP problem [13] where all resource demands are known upfront
and the objective is to determine the initial provisioning of virtual machines. The bin packing likewise
handles a similar resource utilization problem, Falkernauer et al. [25] proposed a function to calculate
the efficient utilization of a bin’s capacity. This objective does not aim to balance the load across all
PMs. Instead, it tries to pack VMs onto a subset of PMs efficiently. By maximizing the utilization of
PMs, this approach reduces idle capacity and allows the remaining PMs to stay powered off. The
resource utilization objective can be expressed as follows:

m n V,?pux,uij 2
2 (Zi:l p—v)
Ut = . , (3.8)
m
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2
m n V:-nemxﬂij
Zj:l i=1 W

um™m = 3.9
m

Hence, two objectives for VMP can be formulated as follows:

e cpu
Minimize Z P(Uj ), (3.10)

=1
ymem 4 gjepu
Maximize U = — (3.11)
st Y P < p, Vje(l,2,...m), (3.12)
i=1
Zﬂijv;“m <P Vie{l,2,...,m). (3.13)
i=1

Equations 3.12 and 3.13 ensure that there will be no overflow of PM resource capacity. This guarantees
that VMs receive sufficient resource allocation, preventing SLA violations.

3.2. Extended Adaptive Large Neighborhood Search

ALNS is a well-known and state-of-the-art metaheuristic algorithm that is utilized to handle numerous
problems. The ALNS used in this paper was derived from Erdogdu et al. [9] and adapted to VMP
problems. Destroy and Repair operators specified in their work are purposefully selected for the Vehicle
Routing Problem. Therefore, five new destroy and repair operators are chosen to use ALNS. The
following section briefly overviews these operators.

3.2.1. Destroy Operators

The destroy operators consist of various methods to relax the current solution. According to the
destroy operator, either one or more VMs are unassigned to allow repair operators to generate new
solutions. If there is an empty PM, it is closed to reduce energy consumption. Five destroy operators
used in our implementation:

1. Random VM Destroy: Randomly selects an allocated VM and releases the resources to the
allocated PM. This allows us to gain diversity for the search.
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2. Random PM Destroy: Randomly selects a PM and releases all VMs allocated to it. Therefore, it
allows for a perturbation in the solution.

3. CPU-based Destroy: The operator finds the PM with the worst CPU utilization and removes all
allocated VMs. Hence, it gives the solution a chance to allocate VMs better.

4. Memory-based Destroy: Similar to the previous operator, searches for PM with the worst
memory utilization and removes all allocated VMs. This operator allows us to improve our multi-
dimensional resource utilization objective further.

5. Highest Energy Destroy: Removes the allocated VMs in the PM with the highest energy
consumption.

3.2.2. Repair Operators

After a destruction operator is applied to the current solution, a repair operator must be applied to
make it a feasible solution without violating SLA restrictions. Repair operators search for an unallocated
VM and allocate it to a PM based on the selected operator. This process is repeated until all VMs are
assigned to a PM that satisfies their resource constraints. In case none of the available PMs satisfy the
VM resource constraints, a new PM is created, and the VM is allocated to the new PM.

1. Random Repair: The operator tries to allocate a VM into a randomly selected PM that can satisfy
its constraints.

2. Greedy Repair: Inspired from Azizi et al. [14] greedy algorithm, this operator allocates VM to
the most power-efficient PM with sufficient resources.

3. First Fit Decreasing Repair: PMs are sorted in descending order based on their total remaining
resources. Each unallocated VM is then assigned to a PM if it can meet the resource constraints.

4. Resource Based Best Fit Repair: This operator searches for the PM with the highest resource
utilization after allocating the new VM.

5. Energy Based Best Fit Repair: The operator assigns the VM to a PM that results in the lowest
energy consumption.

3.2.3. Initialization

A greedy solution generation algorithm is used to generate the initial solution. At first, a randomly
selected PM is generated, and VMs are allocated in order to the PM until one VM resource constraint
cannot be satisfied. Then, a new randomly selected PM is generated to assign the VM. This is repeated
until all VMs are allocated.
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3.2.4. Adaptive Large Neighborhood Search

The pseudo-code for the extended ALNS algorithm proposed in this work is given in Algorithm 1.
ALNS starts with generating an initial solution using the greedy solution generation algorithm. This
current solution is inserted into an archive where nondominated solutions are kept. A loop is utilized to
change the weight values of w; and w, according to following equations:

Wy =w, (3.14)

%) :N1 - W. (315)

These values are later used in Cost to calculate a weighted sum of the two objectives as follows:

Cost(s) = wy X P(u) + wy X U. (3.16)

Until the terminal condition is satisfied, destroy and repair operators are selected according to their probabilities
and applied to sNew. The archive is updated with this newly generated solution. Equation 3.16 is applied
with normalized objective values to calculate a weighted sum to compare sNew and sCurrent. If the cost of
the new solution is greater, it will replace the current solution. In case the new solution has the best cost, it
also replaces the best solution. Even when the new solution is worse than the current solution, it could still
replace the current solution with the SA acceptance criteria given in Algorithm 1.

The overall time complexity of the proposed ALNS algorithm for the VMP problem is O(N,Imn),
where N, is the number of independent runs with different objective function weights, n is the number of
VMs, m is the number of PMs, and 7 is the number of iterations performed until the terminal condition
is satisfied. Since a time-based termination condition is employed, the value of I is not predetermined
and depends on the time allocated to each problem instance. For example, if T is the total time reserved

for the algorithm, / becomes +—.
mn

Each destroy and repair operator is given a score (s,,,) according to their past performance. For
every new solution that is accepted as the best solution, their score increases by o;. If the new solution
is better than the current solution but worse than the best solution, the operator’s score is incremented by
0. In case the new solution is inferior to the current solution but accepted via SA acceptance criteria,
the operator’s score is increased by o;. After N, iteration without improvement on the best solution,
probabilities of all operators are updated according to the operator’s score (s,,,) and number of times
used (c,,,) as follows:

Pl =P x(1 —r)+r><(s"”’). (3.17)

opr opr
Copr

All control parameters of the extended ALNS algorithm, together with the values used in our
experiments, are summarized in Table 1.
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Table 1. Parameters Used in ALNS.

Symbol Description Value
N, Number of objective function weight loops 10
N, Number of iterations for operator scores, and operator probabilities 200
01,072,035 Operator scores 5,0,1
r Roulette wheel operator in adjusting operator probabilities 0.1
h The cooling rate of SA 0.999

Algorithm 1 Extended ALNS

archive: Nondominated Solutions
sBest, sCurrent, sNew: Solution
sCurrent « Initialize Solution
archive.Update(sCurrent)
sBest « sCurrent
for w < O0to N; do
Initialize Operator Probabilities
sCurrent « Initialize Solution
archive.Update(sCurrent)
counter < 0

T <« 100
repeat

sNew «— sCurrent
Destroy(sNew)
Repair(sNew)
Evaluate(sNew)
archive.Update(sNew)
counter < counter + 1
if Cost(sNew) < Cost(sCurrent) then
sCurrent < sNew
if Cost(sNew) < Cost(sBest) then
sBest «— sNew
counter «— 0

end if
else

if Random() < e
sCurrent «— sNew

end if
end if

until Terminal Condition Satisfied
if counter = N, then

counter < 0

Update Operator Probabilities

end if

T —Txh
end for
return archive

Cost(sNew)—Cost(sCurrent)
T

then
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4. Experimental Work

In this section, we present the experiments done to compare the performance of ALNS with other
state-of-the-art algorithms. All algorithms are coded in Java programming language to achieve a fair
evaluation. All algorithms were executed with a time-based termination condition, where the total
allowed runtime was determined by the product of the number of virtual machines and 1000 milliseconds.
This configuration guarantees an equal comparison among different algorithms proportional to the
instance size. The parameter & in the energy management model Equation 3.6 is fixed at 0.6, following
the recommendation of Braiki et al. [6]. All instances are performed on the same platform with an Intel
Core 15-11400H CPU @ 2.70 GHz and 16 GB of RAM.

To compare ALNS, we have selected three multi-objective algorithms: SPEA-II [26], NSGA-II [27],
and e-NSGAII [28]. All algorithms use the same initialization method mentioned in section 3.2.3.
For each problem instance, algorithms are terminated after the time-based terminal condition, and
all nondominated solutions are returned as a result. ALNS repeats a terminal condition ten times
with different w, and w, weights. Therefore, for the sake of fairness, ALNS is given Nil seconds for
each terminal condition. For all three algorithms selected for comparison, one-point crossover with a
probability of 0.7, point mutation with a probability of 0.1, and a population size of 50 are applied. In
e-NSGAII, n is given as the value of €. To ensure a fair comparison, selected destroy and repair operators
were also incorporated into SPEA-II, NSGA-II, and e-NSGA-II to enhance offspring refinement during
the evolutionary process. Specifically, the Random VM Destroy, Resource-Based Best Fit Repair,
and Energy-Based Best Fit Repair operators explained in Section 3.2 were integrated as local search
mechanisms.

To extensively evaluate the performance of the proposed method across different hardware
generations, experiments are divided into two groups based on the physical machine configurations
used: legacy servers and modern servers. A single set of predefined VM configurations given in Table 2
is used across all experiments. Problem instances with 50, 100, 300, and 500 VMs are created by
randomly selecting VMs configurations table until the required instance size is reached. PMs are
randomly selected from the corresponding configuration group (legacy or modern) and are powered on
dynamically during the placement process as needed to host the selected VMs.

Table 2. VM Configurations.

VM type CPU Mem

Micro 500 MIPS 500 MB
Small 1000 MIPS 1000 MB
Medium 1500 MIPS 2000 MB
Large 2000 MIPS 3000 MB

4.1. Legacy Server Experiments

This section presents experimental results found by using HP ProLiant G4 and G5 physical machine
configurations, representing older-generation servers with lower resource capacities. G4 and G5 have
previously been used in other research [6]. Two types of PM configuration used in legacy problem

Journal of Industrial and Management Optimization Volume 22, Issue 8, 3741-3760.



3752

instances are presented in Table 3.

Table 3. Legacy PM Specifications.

PM type CpPU Mem  Ppax
HP ProLiant G4 3720 MIPS 4GB 117
HP ProLiant G5 5320 MIPS 4GB 135

Figures 2, 3, 4, and 5 display the Pareto set found by the four different algorithms on four different
sized problem instances. Among all algorithms, NSGA-II found the fewest number of solutions in every
problem instance. Moreover, with increasing VM count in problem instances, other algorithms also
decreased the number of nondominated solutions found, down to only a few nondominated solutions in
the figure 5 500 VM problem instance. In contrast, the ALNS algorithm demonstrates an increasing
number of nondominated solutions as the VM count grows in problem instances. ALNS consistently
achieves lower power consumption and higher resource utilization, particularly in larger problem
instances. These results indicate that, in terms of scalability, ALNS is more effective at maintaining
solution diversity and Pareto set quality as the problem size increases.
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Table 4. Hypervolume and Number of Solutions on Legacy Configuration.

NSGA-II e-NSGAII SPEA-II ALNS
Problem Instance HV NoS HV NoS HV  NoS HV NoS
50 VM 11.22 1 8.96 16 15.92 10 60.4 34
100 VM 3.31 3 0.06 7 52.88 6 141.08 31
300 VM 0 1 33.02 4  499.08 5 93947 125
500 VM 311.11 2 0.36 5 346.64 2 886.33 198

Table 4 shows the results of the hypervolume metric for four algorithms in four problem instances.
According to Riquelme et al. [29], hypervolume is the most commonly used metric to compare multi-
objective optimization algorithms. The hypervolume metric measures the volume enclosed by solutions
on the Pareto set and a reference point chosen by the user. It measures the quality and spread of the
solutions on the Pareto set. The algorithm with a higher hypervolume value produces a better Pareto set.
In our examples, the reference point is selected by combining the worst values found from all algorithms
for both objectives, therefore guaranteeing every solution in the Pareto sets will dominate it. According
to the results, although SPEA-II generates a relatively low number of nondominated solutions, it achieves
the second highest hypervolume across all problem instances, outperformed only by ALNS. NSGA-II
and e-NSGA-II display a more variable performance, with NSGA-II clearly surpassing e-NSGA-II
only in the largest problem instance. Overall, ALNS consistently achieves the best hypervolume scores,
attributed to its destroy-repair cycle that balances exploration and exploitation. Furthermore, as a
single-solution based search algorithm, ALNS does not rely on maintaining a population, making it
more scalable and computationally efficient than population-based methods.
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4.2. Modern Server Experiments

This section focuses on experimental results using modern server configurations, specifically HP
ProLiant G9 and G10 physical machines. Newer-generation servers offer improved CPU and memory
capacities along with enhanced energy efficiency. Similar to the previous experiments, Table 5 lists two
types of PM configurations that are used in modern problem instances.

Table 5. Modern PM Specifications.

PM type CPU Mem P
HP ProLiant G9 82800 MIPS 64GB 276
HP ProLiant G10 70000 MIPS 48GB 233

50 VM Problem Instance

AEALNS X SPEA2 ONSGA2 Oe-NSGA2

Energy Consumption

Figure 6. 50 VM problem instance.

100 VM Problem Instance

AEALNS XSPEA2 ONSGA2 D&-NSGA2

Ll

Utilization

Figure 7. 100 VM problem instance.
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300 VM Problem Instance

AEALNS X SPEA2 ONSGA2 D e-NSGA2

Pog

049 °
2200 2400 2600 2800 3000 3200 3400 3600 3800 4000
Energy Consumption

Figure 8. 300 VM problem instance.

500 VM Problem Instance

AEALNS XSPEA2 ONSGA2 De-NSGA2

Energ

Figure 9. 500 VM problem instance.

The results of the experiment for modern server configurations are presented in Figures 6, 7, 8, and 9.
These configurations more accurately represent real-world data centers. In these scenarios, NSGA-II,
e-NSGALII, and SPEA-II struggle to generate more than one nondominated solution. In contrast, the
ALNS algorithm maintains good quality and diversity of non-dominated solutions even under the
increased capacity and complexity of modern physical machines. This highlights the robustness of
ALNS in handling varying hardware configurations. Furthermore, the scalability of the ALNS algorithm
is apparent not only in the legacy configuration, where it successfully generates a high number of
nondominated solutions with increasing problem sizes, but also in the modern configuration, where it
demonstrates similarly strong performance even in the 500 VM problem instance.
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Table 6. Hypervolume and Number of Solutions on Modern Configuration.

NSGA-II e-NSGAII SPEA-II ALNS
Problem Instance HV  NoS HV NoS HV NoS HV NoS
50 VM 50.08 1 37.44 1 35.69 1 173.13 41
100 VM 0 1 63.50 2 155.93 1 20948 19
300 VM 0 1 182.99 1 152.80 1 21589 12
500 VM 14.51 1 0 1 87.43 1 213.73 43

Table 6 presents the hypervolume results obtained from experiments conducted with modern server
configurations. The ALNS outperforms all other comparison algorithms across all problem instances
with modern configurations in terms of hypervolume, demonstrating both quality and diversity of the
obtained Pareto sets. Due to NSGA-II and e-NSGAII often generating only a single nondominated
solution, their hypervolume is reported as zero in cases where that solution lies at the reference point in
the objective space, offering no dominated volume.

5. Conclusion

This study looks at the static VMP setting where the suggested ALNS algorithm can be added to
VM provisioning modules, especially when dealing with large workloads in batches. The research
adapts the state-of-the-art ALNS algorithm to solve the multi-objective VMP problem, focusing on
energy management and resource utilization. To our knowledge, ALNS was never utilized in VMP
to create a Pareto set of solutions. The ALNS algorithm adapted to VMP with five destroy and five
repair operators to generate new solutions by relaxing the current solution and then trying to repair
it via different operators. These operators are all selected adaptively according to their performance
on runtime. Probabilities for choosing an operator are updated after a predetermined number of non-
improvement iterations on the best solution. A weight value is used to run the algorithm with different
weights to increase the spread of solutions on the Pareto set. The experimental work was done with an
equal time limit for all algorithms to provide a fair competition. Experimental results in both legacy
and modern server configurations show that ALNS significantly improves the quality and diversity
of the Pareto set compared to state-of-the-art algorithms such as SPEA-II, NSGA-II, and e-NSGAII,
demonstrating its robustness and adaptability across varying PM capabilities and configurations.

Several directions remain open for future research. First, while the current ALNS-based algorithm
demonstrates reasonable scalability up to 500 virtual machines, addressing larger problem sizes, such
as those in hyperscale data centers, will require further enhancements. One possible solution is to
develop a parallel version of ALNS to accelerate convergence and support real-time responsiveness at
scale. Second, the existing multi-objective problem formulation consists of two objectives, which can
be extended to support a more comprehensive optimization model. Finally, future work may explore
the adaptation of the proposed solution to dynamic VMP settings, where VM arrivals, terminations,
migrations, physical machine failures, and load fluctuations must be handled in real time. Such an
extension would enable practical deployment in dynamic cloud resource management scenarios.
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