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ABSTRACT

Cloud computing is widely adopted across many industries today due to its flex-
ibility, scalability, and efficient resource utilization. Virtual machine placement in cloud
environments is a critical optimization problem that directly affects operational efficiency.
An effective placement strategy both boosts performance in data centers and reduces en-
ergy and operational costs. Existing placement algorithms typically focus on dynamic
resource allocation and minimizing total costs. In this study, we present a new model
for the Temporal Bin Packing (TBP) problem with migration costs, which determines a
placement strategy over time that incurs the minimum possible migration.

The proposed model aims to minimize both VM migration and server usage costs
by taking time-varying CPU demand into account. Whereas traditional models in the
literature assume fixed time slots and non-migration-aware strategies, our approach pro-
vides more realistic workload management and adaptive resource allocation by handling
variable-length time periods and time-dependent CPU demands.

To solve the VM placement problem efficiently, we introduce T-MIG (Temporal
Migration-aware Heuristic), a fast, lightweight heuristic that produces feasible, near op-
timal placements within seconds. Instead of assuming a fixed number of servers, T-MIG
dynamically determines how many servers are needed, enhancing the model’s flexibility
and scalability under real-world conditions. Experimental results show that, on large-scale
instances and under time constraints, T-MIG outperforms BIP solvers and offers a practi-
cal alternative for real-time decision-making systems.

Keywords: Cloud Computing, Virtual Machine Placement, Temporal Bin Packing, Data

Center Efficiency and Optimization, Virtual Machine Migration



OZET

Bulut bilisim, esnek, dl¢eklenebilir ve etkin kaynak kullanimi saglamasi nedeniyle
giinlimiizde bircok sektorde yaygin olarak kullanilmaktadir. Bulut bilisim ortamlarinda
sanal makine (SM) yerlestirme, operasyonel verimliligi dogrudan etkileyen kritik bir op-
timizasyon problemidir. Etkili bir yerlestirme stratejisi, veri merkezlerinde hem perfor-
mans1 artirmakta operasyonel maliyetleri azaltmaktadir. Mevcut yerlestirme algoritmalari
genellikle dinamik kaynak tahsisi ve toplam maliyetlerinin azaltilmasina odaklanmak-
tadir. Bu calismada, Gegici Kutu Paketleme (Temporal Bin Packing) problemine yeni bir
bakis acgis1 getirerek, zaman icinde minimum gog¢le sonuclanacak yerlestirme stratejisini
belirleyen yeni bir model 6nerilmistir. Onerilen model, zamanla degisen CPU kullanim
taleplerini dikkate alarak SM goclerini en aza indirmeyi hedeflemektedir. Literatiirdeki
geleneksel modeller ¢cogunlukla sabit zaman dilimlerini ve goge dayali olmayan strateji-
leri esas alirken, bu calismada zamanla degisen CPU kullanimini dikkate alan ve degisken
uzunlukta zaman periyotlari ile ¢alisan daha gercekgi bir is yiikii yonetimi ve uyarlanabilir
kaynak tahsisi saglayan bir model onerilmektedir.

Sanal makine yerlestirme problemini verimli bir sekilde ¢6zmek amaciyla, saniyeler
icerisinde uygulanabilir yerlestirme stratejileri iireten hizli ve hafif bir sezgisel algoritma
olan T-MIG, 6nceden tanimli sabit sunucu sayisi varsayimi yerine, ihtiya¢ duyulan sunucu
sayisint dinamik olarak belirleyerek modelin gercek diinya kosullarinda esnekligini ve
Olceklenebilirligini artirmaktadir. Yapilan deneyler, biiyiik dlcekli 6rneklerde ve zaman
kisiti altindaki durumlarda T-MIG’in BIP ¢oziimleyicilerden daha basarili performans
sergiledigini ve gercek zamanli karar sistemleri i¢in uygulanabilir bir alternatif sundugunu
gostermektedir.

Anahtar Kelimeler: Bulut Bilisim, Sanal Makine Yerlestirme, Veri Merkezi Verimliligi

ve Optimizasyonu, Sanal Makine Go¢ii
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1. INTRODUCTION

Cloud computing has become an essential foundation for delivering computing
services at scale. It enables users to access vast pools of computational power, storage, and
networking resources on demand, without investing in physical infrastructure. This on-
demand model provides significant advantages in terms of scalability, cost-effectiveness,
and operational flexibility, making it a preferred solution for enterprises, governments,
and individuals alike.

One of the core technologies that enable cloud computing is virtualization. Vir-
tualization allows multiple virtual machines (VMs) to run on a single physical server,
each operating as an isolated environment with its own operating system and resources.
This abstraction layer not only enhances resource utilization but also enables better fault
isolation, flexible deployment, and efficient hardware sharing across diverse applications.
Through virtualization, cloud service providers can dynamically provision and reallocate
resources based on customer needs.

Virtual Machines (VMs) are the fundamental units of computation in virtualized
environments. Each VM simulates a complete system and consumes a share of physical
resources such as CPU, memory, and I/0O. These resource demands are not static; instead,
they change over time depending on the type of application running, user traffic, and
workload intensity. For cloud providers operating at scale, managing the placement of
VMs on physical servers—known as the VM placement problem—becomes a critical
optimization challenge. This problem is NP-hard, equivalent to a multi dimensional bin-
packing problem, which means exact solutions are computationally intractable for large
data centers [1].

An efficient VM placement strategy directly affects the performance, reliability,
and cost-efficiency of data center operations. Improper placement can lead to resource

fragmentation, server over utilization or underutilization, and excessive migrations, all of



which impact energy consumption, service quality, and infrastructure wear-out. As re-
ported in previous research, data centers account for a significant portion of global energy
usage, and intelligent resource management, particularly VM placement, can substantially
reduce power consumption [2].

The VM placement problem is further complicated by the need to balance two
often competing objectives: maximizing resource utilization and minimizing VM migra-
tions. Although VM migration is a critical aspect of real-world cloud management, it has
been insufficiently addressed in many placement models, which tend to assume static allo-
cations or ignore migration costs altogether. Migrations are frequently used to reallocate
VMs in response to workload fluctuations; however, they come at the cost of increased
network traffic, latency, and energy consumption [1]. Designing placement strategies that
avoid frequent migrations while maintaining performance and flexibility remains an open
challenge.

This study addresses the Temporal Bin Packing Problem with Migration Costs
(TBPMC), a time-aware extension of the classical bin packing problem. Unlike traditional
approaches that assume fixed-size items and static placements, TBPMC incorporates both
time-varying CPU demands and the cost of migrations into the placement decision. While
prior works have relied on static models or reactive reassignment strategies [3], this study
introduces a proactive placement model that seeks to minimize long-term migration needs
through intelligent initial decisions. Additionally, unlike models that operate on fixed time
intervals, our model introduces variable-length time periods, which allow a more realistic
representation of workload patterns [4].

To address this complex optimization task, we propose a Binary Integer Program-
ming (BIP) model that jointly considers temporal resource variations and migration costs.

While this model enables the derivation of optimal solutions using exact solvers such



as Gurobi, it also faces practical limitations in terms of scalability and memory require-
ments, especially in large-scale settings [5]. To overcome these challenges, we introduce
a heuristic algorithm named T-MIG (Temporal Migration-aware Heuristic). T-MIG gen-
erates high-quality solutions within seconds, dynamically determines the number of re-
quired physical servers, and eliminates the need for predefined server counts—making
it highly applicable to real-world, time-sensitive scenarios. Experimental results demon-
strate that T-MIG outperforms exact solvers in several test cases under time or resource
constraints and offers a scalable, energy-aware alternative for VM placement in cloud data
centers.

Figure 1.1: An example of temporal VM placement. Colored cells indicate server assign-
ments at each time interval.

VM | Timel | Time2 | Time3 | Time 4
VM1 | Server 1 | Server 1 | Server 2 | Server 2
VM2 | Server 2 | Server 2 | Server 2 | Server 2
VM3 | Server 3 | Server 3 | Server 1 | Server 1

Figure 1.1 illustrates a simplified example of the temporal virtual machine place-
ment problem. Each row represents a VM, while each column corresponds to a discrete
time interval. The colored cells indicate which physical server (e.g., Server 1, Server
2, Server 3) is responsible for hosting the VM at each time step. For instance, VM1 is
initially assigned to Server 1, but is migrated to Server 2 between Time 2 and Time 3,
as indicated by the change in color from purple to green. Similarly, VM3 is reassigned
from Server 3 to Server 1 during the same period. These migrations incur additional
costs, which are considered in the optimization process. Such migrations are primarily
driven by fluctuations in the CPU demands of the VMs. As applications experience vary-
ing levels of usage over time, their resource requirements, especially CPU usage, change
accordingly. This dynamic behavior necessitates the reallocation of VMs to ensure that

physical servers are not overloaded and resource utilization is balanced efficiently.



In real data centers, the timing and magnitude of CPU demand fluctuations can be
predicted with high accuracy using historical performance data and live monitoring tools.
We assume that each virtual machine’s CPU demand profile is known deterministically
over the entire planning horizon. In particular, some applications generate an almost con-
stant CPU load over time, while others exhibit significant fluctuations. Our model relies
on the assumption that both the magnitude of these fluctuations and the exact time points
at which they occur are available a priori. This enables the placement algorithm to opti-

mize migration and server use decisions under fully observed, time-varying workloads.



2. LITERATURE REVIEW

In this chapter, we present a review of the existing literature related to our study.
The reviewed body of work can be categorized into four main streams. The first stream
focuses on cloud computing and virtual machine (VM) placement, highlighting the impor-
tance of efficient resource allocation in cloud infrastructures. The second stream includes
heuristic and optimization-based approaches for VM placement, with particular attention
to metaheuristic algorithms developed for improving placement quality and energy effi-
ciency. The third stream covers bin packing-based models and their temporal extensions,
which provide the theoretical foundation for modeling time-dependent placement deci-
sions in dynamic cloud environments. Finally, the fourth stream examines the effects of
live migration on virtual servers—studies in this area quantify downtime, performance
degradation, network congestion, and energy overhead introduced by migration opera-
tions, and demonstrate the critical impact of migration reduction on SLA compliance and

system stability.

2.1 Cloud Computing and Virtual Machine Placement

Cloud computing enables flexible and scalable computing resources by leverag-
ing virtualization technologies. One of the key challenges in cloud environments is the
efficient placement of virtual machines on physical servers(hosts), which directly impacts
performance, energy efficiency, and resource utilization. Several studies have addressed
the optimization of VM placement in cloud infrastructures.

Liu et al [6] proposed an energy-aware VM placement scheduling method based
on the Ant Colony Optimization (ACO) approach, aiming to minimize energy consump-
tion while ensuring optimal workload distribution in cloud data centers. Similarly, Song
at al. [7] introduced an optimization-based VM placement scheme that reduces resource

fragmentation and enhances load balancing.



Other studies have focused on energy and resource-aware VM placement strate-
gies. Rjeib et al. [8] proposed VMP-ER, an efficient VM placement algorithm that opti-
mizes both energy and resource allocation in cloud data centers. Mahmoodabadi et al. [9]
explored an approximation algorithm for VM placement, demonstrating its effectiveness
in reducing the total number of active servers while maintaining performance constraints.

Recent works have also examined the trade-offs between performance and cost in
cloud-based VM placement. Atchukatla et al. [10] analyzed cloud-based VM placement
designs, identifying key challenges in cost-effective resource provisioning. Tian et al.
[11] presented an efficient algorithm that improves load distribution and minimizes re-
sponse time in cloud environments. These studies emphasize the critical role of efficient
VM placement in cloud computing and establish a basis for further optimization efforts

in dynamic and energy-conscious environments.

2.2 Virtual Machine Placement Approaches

To address VM placement challenges, researchers have explored various heuris-
tic, metaheuristic, and optimization-based methods. A popular approach involves meta-
heuristic algorithms inspired by natural phenomena. Alharbi et al. [12] proposed an
ACO-based dynamic VM placement system, which adapts to workload fluctuations and
improves energy efficiency in cloud environments. Similarly, Al-Moalmi et al. [13] de-
veloped a Whale Optimization System for container placement, leveraging a bio-inspired
optimization technique to minimize migration overhead and improve resource utilization.
Other studies have focused on chaotic and greedy-based algorithms. Ganesan et al. [14]
introduced a chaotic simulator for bilevel VM placement optimization, demonstrating its
ability to handle large-scale cloud infrastructures. Similarly, Sun et al. [15] introduced
a hybrid chaotic and evolutionary particle swarm optimization (PSO) method that incor-

porates conflict constraints and load balancing into 2D bin packing for cloud scenarios.



Azizi et al. [16] proposed GRVMP, a greedy randomized algorithm that efficiently maps
VMs to servers, balancing execution speed and placement quality. These approaches
demonstrate that metaheuristic-based methods have the potential to significantly improve
VM placement efficiency; however, further advancements are required to address scala-

bility and real-time adaptability challenges in dynamic cloud environments

2.3 Bin Packing and Temporal Bin Packing Studies

VM placement is closely related to the bin packing problem, where the objective is
to efficiently pack VMs onto servers while minimizing resource wastage. Several studies
have extended traditional bin packing algorithms to accommodate dynamic workloads and
time-dependent constraints. Kumaraswamy et al. [17] reviewed bin packing algorithms
for VM placement, identifying key techniques for reducing resource fragmentation. Hage
et al. [18] explored 2D and 3D bin packing methods for VM allocation, demonstrating
how spatial and temporal constraints impact placement efficiency. Pandey et al. [19]
conducted a comprehensive analysis of 2D bin packing problems and their complexities,
while Fatima et al [20]. directly applied bin packing models to VM placement in cloud
data centers.

Advanced bin packing methods have also been applied to vector packing prob-
lems. Wei et al. [21] introduced a branch-and-price approach to handle multi-dimensional
packing constraints.

A key extension of bin packing in cloud computing is Temporal Bin Packing
(TBP), which considers time-varying workloads. Muir et al. [22]. examined a tempo-
ral bin packing model with half-capacity jobs, demonstrating the impact of fluctuating
resource demands on placement decisions.

These studies highlight the importance of incorporating temporal constraints into

bin packing models to enable more adaptive and efficient VM placement strategies in



cloud computing environments. However, the existing literature lacks sufficient focus on
minimizing migration and usage costs under temporal variability, which this study aims
to address.

In this context, Aydin et al. [23] proposed a multi-objective temporal bin packing
model for virtual machine placement, considering both the minimization of the number of
active servers and the number of server activations (fire-ups). Their work presents a com-
prehensive heuristic and exact solution methods for large-scale problems. Although their
study incorporates the temporal dimension and energy efficiency objectives, it does not
directly address migration cost minimization during dynamic resource allocation. Sim-
ilarly, Cauwer et al. [24] formulated the Temporal Bin Packing Problem (TBPP) as a
constraint programming model for workload management in data centers, considering
time windows and resource continuity. Their work demonstrates the computational dif-
ficulty of TBPP and the importance of resource reuse over time, yet it does not address

migration cost dynamics explicitly.

2.4 Migration Effects on Virtual Servers

The impacts of VM migrations on performance have been examined in numerous
studies. In his work, Strunk [25] analyzed in detail how live migration operations affect
system performance, showing that memory-intensive applications in particular suffer a
5% — 15% performance loss during migration. One of the pioneering studies on live mi-
gration technology, Clark et al. [26] reported that the downtime induced by migration
typically ranges from 60 to 300 milliseconds. When considered cumulatively, these inter-
ruptions can have serious repercussions in systems with stringent SLA requirements. In
a large-scale study conducted by Microsoft Research on Azure, Cortez et al.[27] showed
that migration operations account for approximately 8% of total data-center energy con-

sumption.



Meng et al. [28] demonstrated that migration operations cause network conges-
tion, which in turn degrades the performance of other applications. In particular, the load
imposed on backbone network links was observed to reduce the performance of other crit-
ical services. Wang et al. [29] showed that reducing migration operations plays a critical
role in achieving 99.99% SLA targets, especially for latency-sensitive applications. In the
financial services sector, Zhang et al. [30] demonstrated that migration-induced interrup-
tions increase transaction failure rates and negatively impact customer satisfaction.

Therefore, VM placement algorithms frequently overlook the true impact of live
migration, treating it as a negligible overhead despite the fact that migration pauses, addi-
tional network traffic, and potential packet loss can all lead to SLA violations, increased
energy consumption, and degraded end-user experience. By explicitly incorporating mi-
gration cost metrics alongside time varying workload patterns, our work addresses this
critical gap in the literature. In doing so, we aim not only to improve migration cost effi-
ciency but also to demonstrate how migration-aware placement strategies can materially

enhance service availability and reduce operational risk.



3. PROBLEM DEFINITION AND A MATHEMATICAL MODEL

3.1 Problem Definition

In cloud computing environments, where virtualization enables dynamic alloca-
tion of computing resources, the efficient placement of virtual machines (VMs) onto phys-
ical servers is a fundamental operational challenge. The difficulty of this task increases
when considering time-varying workloads and the associated migration costs, both of
which are common in real-world data centers [31].

Most traditional VM placement models either assume static resource demands or
ignore the implications of VM migrations. However, in practical settings, VM CPU de-
mands fluctuate across time periods, and relocating VMs to adapt to these changes incurs
non-negligible migration costs including additional network usage, energy consumption,
latency, and potential service disruption. Overlooking these dynamics leads to suboptimal
resource usage, increased energy consumption, and elevated operational costs.

This study addresses a time-aware and cost-sensitive version of the VM place-
ment problem, Temporal Bin Packing Problem with Migration Costs (TBPMC). Unlike
conventional bin packing models, TBPMC explicitly incorporates both temporal variabil-
ity in CPU demands and migration penalties between consecutive time periods, making it
more representative of real-world cloud operations.

The core challenge is to assign each VM to a physical server in each time period,

such that:

* The CPU capacities of servers are not exceeded.

* The total number of active servers is minimized to reduce energy costs.

e The number and cost of migrations are minimized to preserve service quality.

Moreover, the difficulty of this problem escalates with the scale of the data center

10



and the time horizon, rendering exact optimization techniques such as Binary-Integer
Programming (BIP) impractical for large instances due to memory and time limitations.

To overcome this, the study proposes a heuristic algorithm (T-MIG) that:
* Generates near-optimal placements with significantly reduced computation time,
* Generates subsets of previous VM assignments to reduce unnecessary migrations,

* Dynamically adjusts the number of servers used instead of relying on fixed assump-

tions.

Thus, the objective of this research is to develop a scalable and migration-aware
placement strategy that maintains a balance between resource efficiency and operational
stability under temporal uncertainty. The proposed model and heuristic are designed to fill
a critical gap in the literature by jointly optimizing VM placement and migration decisions
across time—contributing both to theoretical understanding and practical applicability in
modern cloud data centers.

Figure 3.1: Server consolidation through VM migration reduces energy consumption by
shutting down underutilized servers.

Without Migration With Migration
Server 1 Server 1
VM1
VM1
7 VM3
Server 2 e ‘ Server 2
> L7 -
VM2 @4@9‘1 .’ VM2
Server 3 s Server 3
L7 Sasasassmsmaasasasaan |
’ < ! |
- |
VM3 . ' Shut Down |
L l
Energy consumption: High Energy consumption: Low

Figure 3.1 illustrates the impact of virtual machine (VM) migration on energy

11



consumption in a cloud data center. In the left-hand scenario (“Without Migration”), each
VM is hosted on a separate physical server, resulting in all servers remaining active and
consuming energy. On the right (“With Migration”), VM3 is migrated to Server 1, allow-
ing Server 3 to be shut down. As a result, the number of active servers is reduced, leading
to lower overall energy usage. This example highlights how migration strategies can
enable workload consolidation and contribute to energy-efficient resource management.
While Figure 3.1 illustrates the benefits of VM consolidation in terms of energy savings,
it is important to note that migrating a virtual machine is not cost-free. Each migration
incurs a certain overhead, such as CPU usage for live migration, network bandwidth con-
sumption, and temporary performance degradation due to VM state transfer and disk I/O
synchronization. Moreover, in large-scale systems, excessive or frequent migrations can
lead to network congestion and increased system instability.

Therefore, determining when and which VMs should be migrated becomes a non-
trivial optimization problem. The goal is to balance the energy savings achieved through
consolidation against the operational cost of performing migrations. A migration deci-
sion that reduces energy consumption but introduces excessive migration overhead may
ultimately be counterproductive.

Although some existing studies take migration costs into account, these costs
are generally not treated as a primary factor and are not effectively integrated into the
decision-making process. [1] In contrast, the approach proposed in this paper consid-
ers migration costs not merely as static penalties, but as dynamic decision variables dis-
tributed over time. Each VM migration is evaluated by taking into consideration both
its immediate energy-saving potential and its long-term cost implications across future
time intervals. This enables the system to make forward-looking, balanced placement
decisions aimed at minimizing the total cost over the entire planning horizon, rather than

optimizing for a single time step.
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3.2 Mathematical Model

In this section, we formally define the Virtual Machine Placement Problem with
Temporal Bin Packing with migration costs and present its integer programming formu-
lation. The problem consists of a set of virtual machines (VMs) that need to be placed
onto physical servers (bins/hosts) over a set of time intervals with varying durations. The
objective is to minimize the total cost, which consists of VM migration costs and server
utilization costs, while ensuring that the CPU capacity constraints of physical servers are
respected.

Unlike classical bin packing problems, this study introduces temporal variations
in CPU demand and incorporates migration costs associated with moving VMs between
bins across different time periods. The set of time periods is denoted by k, where each
interval may have a different duration, 7k, reflecting real-world workload fluctuations.

A VM migration occurs when a VM is placed in a different bin at a subsequent
time period. The migration decision is represented by a binary variable m; ;, which takes
the value 1 if VM i changes its assigned bin at time k, and O otherwise. The goal of
the problem is to determine an initial placement that minimizes both the total migration
cost and the server usage cost, ensuring an efficient and stable allocation of VMs while
respecting CPU capacity constraints.

LetZ = {1,2,...,4} be the index set of virtual machines, where each VM i has a
time-dependent CPU demand p; j, at time period k. The set of available physical servers
is denoted by B = {1,2,...,b}, each having a fixed CPU capacity P. The placement of
VMs occurs over a set of time intervals L = {1,2,...,k} , where each interval k has a
variable duration denoted by 7}, representing the time difference between two consecu-

tive periods, i.e., between k and k + 1.
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Sets

Z: Set of virtual machines

B: Set of physical servers (bins)
IC: Set of time periods

Decision Variables

Zipg : equals 1if VM ¢ € 7 is assigned to physical server b € 3 at time period k € I,
and O otherwise.

yp i equals 1 if physical server b € B is active at time period k € K, and 0 otherwise.
m; i, - equals 1if VM ¢ € 7 is migrated to a different physical server at time k& € K, and
0 otherwise.

Parameters

pir: CPU demand of VM 7 at time period k.
P: CPU capacity of a physical server.

T}: Duration of time period k.

U: Server usage cost.

¢;: Migration cost for VM 4.

Objective Function

minZZci~mi,k+ZZU~Tk-yb7k (3.1)

1€ kek beB kel

where c;-m; j, represents the migration cost for VM ¢ at time period k and U T,y
represents the server usage cost, considering the time duration 7} for which a physical
server remains active.

Constraints
VM Assignment Constraint: Each VM must be assigned to exactly one physical server

at any given time.

Y wipn=1 VieILVkeKk, (3.2)
beB
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CPU Capacity Constraint: The total CPU demand of VMs placed on a physical server
cannot exceed its capacity.
> pikwink < Pys, Vb € BVE € K (3.3)
1€l
VM Migration Constraint: A VM is considered migrated if it is assigned to a different

server than in the previous time period.
M k > Tipk — Lipk—1s Vi € 7z, Vk e K \ {1},Vb B (3.4)

Domain Constraints: The decision variables are binary and parameters have specific

value restrictions.

Tipr € {0,1}, VieZ,Vbe B,Yke K (3.5)
ur € {0,1}, Vbe B, VkeK (3.6)
miy € {0,1}, VieZI,Vkek (3.7)

An Illustrative Example
To clarify the migration decision, consider the following example where three

VMs are assigned to different servers over two time periods:

Table 3.1: VM migration decision example.

VM | Time period k — 1 | Time period £ | Previous Bin ;4 | Current Bin x;,, | Migration (m; ;) | Elapsed Time period T},
1 Bin 1 Bin 1 1 1 0 3 hours
2 Bin 2 Bin 3 1 0 1 2 hours
3 Bin 3 Bin 3 1 1 0 4 hours

Table 3.1 provides a detailed example to illustrate the logic behind the migration
decision variable m; ;. In this example, three virtual machines are assigned to specific
physical servers (bins) over two consecutive time periods. For each VM, the table com-
pares its server allocation in the previous period (k — 1) and the current period (k). A
migration is said to occur (m;;, = 1) if the VM is assigned to a different server in the

current period compared to the previous one. Otherwise, m; , = 0.
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In the given example:
* VM 1 remains on Bin 1 across both periods, so no migration is present (m; ;, = 0).
* VM 2 moves from Bin 2 to Bin 3, resulting in a migration (mg; = 1).
* VM 3 continues on Bin 3, thus no migration occurs (mg = 0).

Additionally, the example incorporates the actual duration of each time interval
(13), shown in the last column of the table. This allows for a more accurate cost evalu-
ation, as the server usage cost is now weighted by the length of the time period instead
of assuming uniform durations. This enhancement enables the model to better reflect
real-world variations in workload durations.

Since the model now incorporates 7}, the cost calculation for server usage consid-
ers the exact duration of each time interval, rather than assuming equal-length periods.

The proposed integer programming model efficiently optimizes VM placement
over time, reducing both migration costs and server utilization costs. By incorporating
variable-length time intervals, the model provides a more flexible and realistic approach

to resource allocation in cloud computing environments.
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4. PROPOSED SOLUTION APPROACHES

In this research, a series of heuristic approaches was developed prior to the pro-
posal of the final T-MIG algorithm. Each algorithm addressed shortcomings identified in
its predecessor, resulting in a method that effectively minimizes migration costs across
time periods. This section outlines the algorithmic journey and the rationale behind each
design decision.

Prior to the formulation of T-MIG, several strategies were explored: Initially, a
simple best-fit placement; subsequently, a lookahead-enhanced variant to predict and re-
duce future migrations; and, ultimately, the retention-first approach, which provided the

optimal balance between migration reduction and server utilization.

4.1 Initial Approach: Cost-Aware Best-Fit (CABF)

Our first heuristic approach to the VM placement problem was a modified version
of the traditional Best-Fit algorithm that incorporates both migration and server usage
costs. We named this approach Cost-Aware Best-Fit (CABF) as it makes placement deci-
sions based on a cost function that considers both types of expenses.

As shown in Algorithm 4.1, this method iteratively places VMs in each time period
by first sorting them in descending order of CPU demand and then assigning each VM
to the server that minimizes the sum of (a) migration cost—zero if the VM remains on
its previous server, otherwise a fixed penalty—and (b) usage cost—incurred only the first
time a server is used in that period. If no existing server has sufficient capacity, a new
server is provisioned. In this way, the approach balances migration and server-usage
costs to reduce the total cost over all time periods.

While the CABF algorithm provided a baseline implementation that considered
both migration and server usage costs, our experimental results revealed several signifi-

cant limitations:
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Figure 4.1: Cost-aware VM placement algorithm.

1: for each time period ¢ do
2:  Sort VMs by CPU demand at ¢ (descending)
3:  Initialize ‘activeServers = {}*, ‘availableCap[s] = capacity" for all servers
4:  for each VM v in sorted list do
5: bestCost < oo, bestServer < null
6: for each server s do
7: if availableCap[s] > demand, ; then
8: migCost < (prevServer,==s)? 0: MIG_COST
9: useCost < (s in activeServers)? 0 : USAGE_COST
10: totalCost < migCost + useCost
11: if totalCost < bestC'ost then
12: bestCost < totalCost, bestServer < s
13: end if
14 end if
15: end for
16: if bestServer is null then
17: Provision new server s, set availableCap[s’']=capacity
18: bestServer < s', add s’ to server set
19: end if
20: Assign VM v to bestServer
21: availableCap[best Server] -= demand, ;
22: Add bestServer to activeServers
23: Update migration usage cost totals
24:  end for
25: end for

* Short-sighted Optimization: The algorithm makes decisions based solely on the
current time period and the immediate previous placement, without considering

future demand patterns.

* Excessive Migrations: We observed numerous unnecessary migrations, particu-
larly during periods of minor demand fluctuations, leading to unnecessarily high

migration costs.

* Suboptimal Server Utilization: The greedy nature of the algorithm often resulted
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in fragmented resource allocation, making inefficient use of server capacity across

time periods.

* Lack of Global Optimization: By treating each time period largely independently,
the algorithm failed to achieve a globally optimal placement strategy across the

entire planning horizon.

The basic nature of this approach and its inability to achieve our desired balance
between migration costs and efficient server utilization led us to explore more sophisti-
cated strategies. Our analysis of CABF’s performance indicated that we needed an algo-
rithm that could make more informed decisions by incorporating knowledge about future
demand patterns and their impact on placement decisions.

This realization prompted us to develop a more advanced algorithm that could
address these limitations by introducing temporal awareness and predictive capabilities

into the decision-making process, which we describe in the following section.

4.2 Enhanced Approach: Lookahead Best-Fit (LBF)

Our second approach, the Lookahead Best-Fit (LBF) algorithm, given in Figure
4.2, addresses the limitations of CABF by incorporating future-awareness into the deci-
sion process. The LBF algorithm extends the basic cost model by simulating the impact of
current placement decisions on future time periods. For each VM and potential server, it
calculates not only the immediate migration and usage costs, but also estimates future mi-
gration costs by looking ahead up to a configurable number of time steps. This lookahead
strategy enables the algorithm to make more informed placement decisions that minimize
costs over a longer horizon, potentially avoiding migrations that would be necessary with
a myopic approach. By incorporating temporal prediction for each VM’s future demand
and capacity requirements, LBF achieves a better balance between immediate costs and

anticipated future costs, resulting in more stable placements across time periods.
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Figure 4.2: Lookahead VM placement algorithm.

1: Define LOOKAHFEAD_DFEPTH (number of future periods to consider)
2: for each time period ¢ at index idx do
3:  nextPeriods < upto LOOKAHFEAD_DFEPTH periods after ¢
4:  Sort VMs by CPU demand at ¢ (descending)
5:  for each VM v in sorted list do
6: bestCost < 0o, bestServer <+ null
7 for each server s do
8 if availableCap[s] > demand, ; then
9: migCost < (prevServer,==s)? 0: MIG_COST
10: useCost < (s in activeServers)? 0 : USAGE_COST
11: capacityA fter < availableCap[s]
12: futureCost + 0
13: for each future period ft in nextPeriods do
14: futureDemand < demand of VM v at period [t
15: if s # prevServer, OR capacityAfter < futureDemand then
16: futureCost < futureCost + MIG_COST
17: end if
18: end for
19: totalCost < migCost + useCost + futureCost
20: if totalCost < bestCost then
21: bestCost < totalCost, bestServer < s
22: end if
23: end if
24: end for
25: if bestServer is null then
26: Provision new server, update states as in CABF
27: end if
28: Assign VM v to bestServer and update all states
29: Update migration & usage cost totals (excluding future cost)
30:  end for
31: end for
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While the Lookahead Best-Fit (LBF) algorithm improved upon CABF by incor-

porating future awareness, our extensive testing revealed several significant limitations:

* Isolated Future Projections: The LBF algorithm projects future migrations for
each VM individually, without considering the placement and potential conflicts
with other VMs in future time periods. This isolation leads to overly optimistic
future cost estimations, as the algorithm fails to account for the cascading effects of

multiple VMs competing for the same server resources in future time periods.

* Partial Optimization: While the algorithm reduces migrations in some cases, it
sometimes creates unnecessary migrations in others due to its partial view of the
future. It optimizes for a fixed lookahead window rather than the entire planning

horizon, resulting in locally optimal but globally suboptimal decisions.

Our experimental studies demonstrated that the LBF algorithm provided notable
improvements compared to CABF in certain scenarios. Particularly for VM sets with pre-
dictable demand patterns, the LBF algorithm reduced the number of migrations without
causing a significant decrease in server utilization efficiency. Although LBF provided bet-
ter results than the initial version, we recognized potential for improvement as it did not
consider other VMs in the targeted time periods. Therefore, we sought a new algorithm
that would more directly address the temporal and migration-focused nature of the VM
placement problem, one that would prevent migrations by preserving existing placements
as much as possible. This search led to the development of the TMIG approach, which

focuses on minimizing migration costs and maximizing placement stability.

4.3 Temporal - Migration-Aware Heuristic (T-MIG)

In this section, we present our T-MIG heuristic—named “Temporal - Migration-

aware” to emphasize its focus on both time-varying demands and migration overhead—for
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the Virtual Machine Placement Problem with Temporal Bin Packing and Migration Costs.
The algorithm builds an initial placement and then, in each later interval, retains as many
VMs as possible on their current hosts before assigning the remainder. Our goal is to min-
imize the migration costs across all periods. Before arriving at T-MIG, we experimented
with several strategies: initially a simple best-fit placement, then a lookahead-enhanced
version to predict future migrations, and finally the current retention-first approach, which
achieved the best balance between migration reduction and server utilization.

Initial Assignment: At the very first interval, we sort all virtual machines by
their CPU demand (highest first). Then, one by one, each VM is placed on the first
already-active server with enough spare capacity. If no existing server can accommo-
date it, we start a new one. This “best-reuse” step ensures we keep the number of active
servers—and therefore usage cost—as low as possible from the outset.

Retention-First Phase: For every subsequent interval, we look back at where each
VM was running. We group VMs by their previous server and, for each group, we keep
the largest subset whose combined demand still fits that server’s capacity. Those VMs
stay put, directly minimizing the number of migrations in this interval.

Any VMs not retained are then re-sorted by current demand (highest first) and
placed greedily: each goes to the first server with sufficient free capacity, or triggers the

activation of a new server if needed.

In each interval we record:

Migration cost = (# of VMs that moved) x (per-VM migration cost)

Usage cost = (# of active servers) x (per-server usage cost)

These components are summed across intervals to yield the total cost. By front-loading
retention—preserving maximal subsets on each server—and following with a simple
greedy fallback, T-MIG balances the trade-off between migration overhead and server

utilization. It runs quickly (polynomial in the number of VMs and servers per interval)
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and consistently produces near-optimal total cost in our experiments.

Figure 4.3 shows the T-MIG algorithm, which processes VM CPU demands at
each time step k to minimize the combined cost of server usage and VM migrations. At
the start of each period, all VMs are sorted in descending order of their current CPU
demand p; ;. If k& > 1, for each server b the largest subset of VMs from the previous
period that still fits within capacity P is retained, and the remaining VMs are released
into an “unassigned” pool. Those unassigned VMs are then re-sorted by demand, and for
each VM i and each candidate server b two cost components are computed: migration
cost ¢; if the VM moves, and usage cost U - T}, if the server must be activated. The sum
Ciotal = €; + U - T}, determines the best server; if no existing server can host the VM,
a new server is added. After assignments, the period’s actual migration and usage costs
are accumulated into the running total. Once all time steps are processed, the algorithm

outputs the VM—time—server assignment matrix z; ; , and the overall cost.
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Figure 4.3: T-MIG Heuristic for VM Placement with Migration Costs.
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39:

Input: VM set Z, time intervals K, CPU capacity P, usage cost U, migration cost ¢;
Output: Assignment z; 5, and total cost
Initialize server pool B < {1,...,m} with capacity P
Initialize ;5 < 0, TotalCost < 0, MigCost < 0, UseCost < 0
for each time step £ € K do
Let p; . be the CPU demand of VM ¢ at time k
if k is first time step then
Sort Z by decreasing p; i,
for each: € 7 do
if exists b € B with remaining capacity > p; 5, then
assign ¢ to the first such b
else
create new server by, With capacity P, add to B, assign i to bpey
end if
update capacity of chosen server
end for
UseCost +=|Bysea| X U - T
else
Let k' < previous time step
Group VMs by their server at &’
for each server b € B do
Let 7, be VMs on b at &/
Find subset R C 7, with maximal |R| suchthat ) ., p;; < P
Retain R on b, mark others in Z;, \ R as unassigned
end for
Sort all unassigned VMs by decreasing p;
for each unassigned VM i do
if exists b € B with remaining capacity > p; ; then
assign ¢ to that b
else
create new server and assign
end if
update capacities
end for
Compute migration and usage cost at &
end if
TotalCost = MigCost + UseCost
end for
return z; 5 ;, TotalCost
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4.4 Step-by-Step Execution of T-MIG Algorithm on a 3x3 Instance

To illustrate how T-MIG operates in practice, we now present its step-by-step
execution on a small 3x3 instance (3 VMs over 3 time periods). This detailed example
clarifies the algorithm’s decision process and optimization strategy.

The parameters of the algorithm are defined as follows:

Table 4.1: Algorithm parameters

Parameter | Description Value

B Set of servers server 1, server 2,

I Set of virtual machines vm 1, vim2

K Set of time periods time 1, time 2, time 3
P Server CPU capacity 32

U Server usage cost 5

Ci VM migration cost 3

pi, k CPU demand of VM ¢ at time &£ | Given as a matrix

4.4.1 Scenario and Input Data

Table 4.2 shows the CPU demand of each virtual machine (VM) in each time
period. The system parameters are as follows: CPU_Capacity = 32, Server_Usage_Cost =

5, Migration_Cost = 3.

Table 4.2: CPU Demands of VMs in Each Time Period

VM | timel | time2 | time3
VM1 16 14 10
VM2 12 10 16
VM3 4 22 8

4.4.2 Time Period 1

In the first time period, VMs are sorted by CPU demand in descending order:
VM1 (16) > VM2 (12) > VM3 (4). They are then placed using the First-Fit Decreasing

algorithm:

* VMI (16) is placed on Serverl, remaining capacity: 32 — 16 = 16
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* VM2 (12) is placed on Serverl, remaining capacity: 16 — 12 =4
* VM3 (4) is placed on Serverl, remaining capacity: 4 —4 =0
In this case, all VMs are accommodated on a single server (Serverl), and the
server capacity is fully utilized.

Table 4.3: VM Assignments at the End of Time Period 1

Server VMs CPU Utilization
Serverl | VM1, VM2, VM3 32/32

Cost for Time Period 1:
e Server usage cost: 1 X 5 =5
* Migration cost: O (first time period)

e Total: 5

4.4.3 Time Period 2

In the second time period, the CPU demands of the VMs have changed. Previous

assignment and new demands:

* Previous assignment: Serverl: [VM1, VM2, VM3]
¢ New CPU demands: VM1 (14), VM2 (10), VM3 (22)

e Total demand: 14 + 10 + 22 = 46 > 32, therefore all VMSs cannot fit on Serverl

The algorithm evaluates all possible VM subsets for Serverl. The subset evalua-
tion is shown in Table 4.4:

The algorithm determines the subsets that fit and require the minimum number
of migrations for Serverl. Both {VM1, VM2} and {VM2, VM3} subsets require 1 mi-
gration. The algorithm selects { VM1, VM2} as it is encountered first in the evaluation
order.

As a result:

* VM3 is migrated to Server2
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Table 4.4: Subset Evaluation for Time Period 2

Subset CPU Demand | Fits? | Number of Migrations
{VMI, VM2, VM3} 46 No 0
{VM1, VM2} 24 Yes 1 (VM3)
{VM1, VM3} 36 No 1 (VM2)
{VM2, VM3} 32 Yes 1 (VM1)
{VM1} 14 Yes 2 (VM2, VM3)
{VM2} 10 Yes 2 (VM1, VM3)
{VM3} 22 Yes 2 (VM1, VM2)
{} 0 Yes | 3 (VMI1, VM2, VM3)

Table 4.5: VM Assignments at the End of Time Period 2

Server VMs CPU Utilization
Serverl | VM1, VM2 24/32
Server?2 VM3 22/32

Serverl: [VM1, VM2], total demand: 24/32

Server2: [VM3], total demand: 22/32
Cost for Time Period 2:

» Server usage cost: 2 X 5 = 10, Migration cost: 1 x 3 = 3 (VM3 was migrated)

Total Cost: 13

4.4.4 Time Period 3
In the third time period, the CPU demands of the VMs have changed again:
* Previous assignments: Serverl: [VM1, VM2], Server2: [VM3]
* New CPU demands: VM1 (10), VM2 (16), VM3 (8)
Serverl evaluation:
VM1, VM2 — 10 + 16 = 26 < 32, fits, no migration required
Server2 evaluation:
VM3 — 8 < 32, fits, no migration required
Cost for Time Period 3:
» Server usage cost: 2 X 5 = 10, Migration cost: 0 (no migrations)

¢ Total Cost: 10
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Table 4.6: VM Assignments at the End of Time Period 3

4.4.5 Total Cost

Server VMs CPU Utilization
Serverl | VM1, VM2 26/32
Server2 VM3 8/32

Total cost for all time periods:

* Total server usage cost: 5 + 10 + 10 = 25, Total migration cost: 0 +3+0 =3

¢ Overall total cost: 28

Table 4.7: VM Assignments in All Time Periods

VM | timel time2 time3
VM1 | Serverl | Serverl | Serverl
VM2 | Serverl | Serverl | Serverl
VM3 | Serverl | Server2 | Server2

This VM placement algorithm is fundamentally designed to minimize the number
of VM migrations. In each time period, the algorithm evaluates all possible subsets of
VMs on the servers and selects the subset that requires the minimum number of migra-
tions. This example was tested with Gurobi and reached the same output, demonstrating
that the algorithm successfully achieves its goal of minimizing the number of migrations.
While Gurobi uses mathematical optimization to reach an exact solution, our algorithm
employs a heuristic approach. The fact that both methods yield the same result shows that
the heuristic approach can be effective for these types of problems. Though the method-
ologies differ (Gurobi uses integer programming while our algorithm evaluates subsets),
in this particular example, both reached the optimal solution by reducing the number of

migrations to 1.
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5. COMPUTATIONAL RESULTS

5.1 Data Generation:

In this section, we describe the procedure used to generate synthetic datasets for
evaluating the performance of the proposed VM placement algorithm under varying work-
load scales. The datasets are designed to represent small, medium, and large-scale cloud
environments, enabling comprehensive testing of both solution quality and scalability.

The CPU demand values were derived from real data center traces and then classi-
fied based on their temporal load patterns. Specifically, we categorized the instances into
mixed load profiles to reflect different workload dynamics observed in practice.

Each dataset consists of a time indexed matrix, where rows represent virtual ma-
chines (VMs) and columns represent time periods. The entries correspond to the CPU
demand of each VM in each time step. These CPU demands are generated using different
random patterns to reflect temporal variability and workload diversity. By simulating dy-
namic and heterogeneous resource requirements, we aim to assess the robustness of the
algorithm under realistic and challenging cloud conditions.

Four classes of datasets are constructed as follows:

* Small scale instances: 20 VMs across 50 time periods, and 30 VMs across 80 time

periods.
* Medium scale instances: 40 or 50 VMs across 100 time periods.

* Medium scale instances with heterogeneous server usage costs: Same VM and
time configurations as standard medium-scale instances (i.e., 40 or 50 VMs over
100 time periods), but with varied server usage cost values (1 or 25 units) to test

cost sensitivity.

* Large scale instances: 100 VMs across 100 or 150 time periods.
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Each dataset adopts a different CPU demand pattern to reflect specific workload
scenarios. In particular, we generate mixed load CPU demand profiles across time peri-
ods to create diverse and realistic test cases. This allows us to evaluate the algorithm’s
effectiveness not only in uniform conditions but also under varying workload dynamics.

All instances are stored in Excel format, with each sheet containing a two di-
mensional CPU demand matrix. These instances are consistently used in both exact and
heuristic solution approaches to ensure fair comparison. In addition to our baseline choice
(Migration cost M = 3, Usage cost U = 5), we performed a parameter sweep over
U € {1,5,25} (keeping M = 3) to explore how the relative weight of server usage vs.
migration cost affects both absolute cost and the difference between T-MIG and Gurobi.
Results are reported in the tables below. The load level of the system significantly affects
migration costs. In heavily loaded systems, there is higher resource consumption and po-
tential risk of service interruption during virtual machine migration. As demonstrated in
the study by Liu et al. [32], the migration cost ratio is expected to be higher in systems
operating at high utilization levels. Particularly in virtual machines running memory in-
tensive or I/O-intensive applications, this cost increases further due to the high amount
of dirty page generation during migration [33]. In our VM placement analysis, we used
different cost ratios to represent different system load scenarios.

To obtain optimal or near optimal solutions for benchmarking, we formulated the
problem as a Binary Integer Programming model and solved it using the Gurobi Op-
timizer (version 12.0.1, build v12.0.1rc0). All computational experiments were con-
ducted on a 64-bit Windows 10 system equipped with an 11th Gen Intel(R) Core(TM)
17-1185G7 CPU running at 3.00GHz, with instruction set support for SSE2, AVX, AVX2,

and AVX512.
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Table 5.1: Test Instances and Their Characteristics

Instance(s) | Number of VMs | Time Intervals | CPU Capacity | Migration Unit Cost | Server Usage Cost
SMALL INSTANCES
1-5 20 50 32 3 5
6-10 30 80 32 3 5
MEDIUM INSTANCES
11-15 40 100 32 3 5
1620 50 100 32 3 5
LARGE INSTANCES
21-27 100 100 32 3 5
28-30 100 150 32 3 5
MEDIUM INSTANCES - VARIANT (Different Usage Cost)
31-35 40 100 32 3 1
3640 50 100 32 3 25
41-45 40 100 32 3 1
46-50 50 100 32 3 25

Table 5.1 summarizes the characteristics of the test instances used in our ex-
periments. The datasets are grouped into four categories—Small, Medium, Large, and
Medium Variant—based on the number of virtual machines (VMs), time intervals, and
cost configurations. Each instance simulates a virtual machine placement scenario over a
specific time horizon, with constant CPU capacity and predefined cost parameters.

In all instances, the CPU capacity of physical servers is fixed at 32 units. The cost
of migrating a VM is set to 3 units. For Small instances, which include either 20 VMs
over 50 time intervals or 30 VMs over 80 intervals, the server usage cost is fixed at 5 units.
Medium instances consist of 40 or 50 VMs evaluated over 100 time intervals, also with a
usage cost of 5 units. Large instances contain 100 VMs, with time intervals of either 100
or 150, under the same cost settings.

Additionally, we introduce a set of 20 Medium Variant instances that maintain

the same VM and time interval configurations as the Medium group, but vary in their
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server usage costs (1 or 25 units). This extended set enables a broader evaluation of our
algorithm’s sensitivity to operational cost parameters and its adaptability under different

pricing conditions.

5.2 Numerical Results

The computational results presented in this section demonstrate the evolution and
comparative performance of our three proposed heuristics CABF, LBF, and T-MIG for
solving the temporal VM placement problem with migration costs. Through a series
of experiments on various datasets, we analyze how each algorithm addresses the dual
objectives of minimizing migration costs while maintaining efficient server utilization.

We begin by examining the performance of our initial Cost-Aware Best-Fit (CABF)
approach, which serves as our baseline. While CABF provides reasonable solutions by
considering immediate migration and server usage costs, its myopic decision making
leads to suboptimal placements across multiple time periods, particularly in scenarios
with fluctuating demands. Next, we evaluate the Lookahead Best-Fit (LBF) algorithm,
which enhances CABF by incorporating future awareness into placement decisions. Our
results show that LBF reduces migration costs compared to CABF in certain scenarios.
However, its performance varies significantly depending on the dynamics of the work-
load and the lookahead depth parameter. The algorithm’s reliance solely on current ca-
pacity information when projecting future migrations, without considering the impact of
other VMs in target time periods, limits its effectiveness in highly dynamic environments.
Finally, we present the results for our proposed T-MIG heuristic, which adopts a fun-
damentally different retention-first approach. As illustrated in the following tables and
figures, T-MIG consistently outperforms both CABF and LBF, producing solutions with
lower migration costs across diverse problem instances. The performance of T-MIG is

particularly notable on large-scale datasets, where exact solvers such as Gurobi either
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exceed acceptable time limits or fail due to memory constraints. These results highlight
T-MIG’s potential as a scalable and responsive alternative for dynamic, cost sensitive VM
placement in production environments. The comparative analysis of these three heuristics
reveals not only their relative strengths and limitations but also demonstrates the value
of our iterative approach to algorithm development. By systematically addressing the
shortcomings identified in each predecessor, we ultimately arrived at T-MIG, which suc-
cessfully balances the tradeoff between migration cost minimization and efficient server
utilization across time periods.

To evaluate the performance difference between our proposed heuristic algorithm
(T-MIG) and the exact solver (Gurobi), we use the relative percentage difference, denoted

as Diff. which is calculated as shown in equation 5.1 below:

(5.1)

. T-MIG Cost — Gurobi Cost
Diff_ggr= ( Gurobi Cost ) "

This metric quantifies the relative deviation of T-MIG, LBF, CABF from the op-
timal or near-optimal solutions obtained by Gurobi. A positive difference indicates that
the heuristic yields a higher cost, while a negative difference implies that the heuristic
performed better than Gurobi for that specific cost component.

Gurobi’s Scalability Limitations

Given the real time decision making requirements in cloud data centers where
allocation decisions must often be made within seconds, we enforced a 3600-second (1-
hour) time limit on Gurobi for solving each instance. This constraint reflects the urgency
of operational responsiveness in practical scenarios, where delays in resource allocation,
particularly those arising from communication overhead, can lead to performance degra-

dation and system inefficiencies [34]. Under this time limit, Gurobi often failed to reach
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optimality for medium and largescale datasets and was only able to return feasible so-
lutions. For the largest datasets, the solver encountered out of memory errors, which
highlights its limitations in terms of scalability. In contrast, T-MIG produced feasible so-
lutions within seconds for all instances, offering a practical alternative in time constrained

environments.
5.2.1 Performance Evaluation of the CABF Heuristic (Cost-Aware Best-Fit)

In this section, we provide a systematic evaluation of our CABF heuristic by pro-
gressively analyzing its performance on small, medium, and large instance sets under
varying cost weightings. We begin with the baseline configuration (Migration Cost =
3, Usage Cost = 5) on small instances (Table 5.12), then extend to medium and large
workloads (Tables 5.13 and 5.14), and finally explore the impact of adjusting the Usage
Cost weight to 25 and 1 on medium cases (Tables 5.5 and 5.6). Through these sequential
analyses, we highlight CABF’s strengths in reducing server-usage expenses as well as its
challenges in controlling migration overhead, thereby identifying key areas for algorith-

mic refinement.
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5.2.1.1 Comparison of CABF and Gurobi on Small Instances

Table 5.2: Comparison of CABF and Gurobi on Small Instances

Instance Total Cost Migration Cost Usage Cost Time (sec)
Gurobi* CABF Diff. (%) | Gurobi* CABF Diff. (%) | Gurobi* CABF Diff. (%) | Gurobi* CABF
1 3981 4658 17.01 651 1593 144.70 3330 3065 -7.96 3600 0.6
2 4038 4767 18.05 573 1542 169.11 3465 3225 -6.93 3600 0.4
3 3002 3622 20.65 387 1197  209.30 2615 2425 -7.27 3600 0.5
4 2989 3643 21.88 399 1248 212.78 2590 2395 -7.53 3600 0.6
5 4043 4729 16.97 588 1614 174.49 3455 3115 -9.84 3600 0.8
6 10964 11388 3.87 924 3483 276.95 10040 7905 -21.26 3600 0.8
7 11520 11728 1.81 435 2763 535.17 11085 8965 -19.12 3600 0.9
8 10950 11494 497 795 3444 333.21 10155 8050 -20.73 3600 0.9
9 11194 11620 3.81 954 3180  233.33 10240 8440 -17.58 3600 0.8
10 11466 11892 3.72 531 2982  461.58 10935 8910 -18.52 3600 0.8
Average 11.27 275.06 -13.67

*Gurobi execution time limited to 1 hour

As shown in Table 5.2, our initial CABF algorithm achieves notable gains in Us-

age Cost but falls short on Total Cost and Migration Cost. Specifically, while the average

Usage Cost decreases by 13.67%, the Total Cost improvement is only 11.27%, and Migra-

tion Cost actually increases by an average of 275.06%. This pattern indicates that CABF

is effective at consolidating VM placements to reduce server-usage expenses but requires

further refinement to curb the high costs associated with VM migrations.
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5.2.1.2 Comparison of CABF and Gurobi on Medium Instances

Table 5.3: Comparison of CABF and Gurobi on Medium Instances.

Instance Total Cost Migration Cost Usage Cost Time (sec)
Gurobi* CABF Diff. (%) | Gurobi* CABF Diff. (%) | Gurobi* CABF Diff. (%) | Gurobi* CABF
11 14811 15414 4.07 2031 5694 180.35 12780 9720 -23.94 3600 0.1
12 19869 19823 -0.23 969 4338 347.68 18900 15485 -18.07 3600 0.3
13 17147 18484 7.80 2652 6744 154.30 14495 11740 -19.01 3600 04
14 20234 19656 -2.86 2889 4326 49.74 17345 15330 -11.62 3600 0.5
15 19972 19759 -1.07 2802 4809 71.63 17170 14950 -12.93 3600 0.5
16 24894 24661 -0.94 2979 5916 98.59 | 21915 18745 -14.46 3600 0.3
17 24433 24708 1.13 2043 5373 163.00 | 22390 19335 -13.64 3600 04
18 24923 24544 -1.52 2298 5874 155.61 22625 18670 -17.48 3600 0.6
19 24647 24669 0.09 1737 5964 24335 | 22910 18705 -18.35 3600 0.3
20 25799 24727 -4.16 4284 5367 2528 | 21515 19360 -10.02 3600 04
Average 0.23 148.95 -15.95

*Gurobi execution time was limited to 1 hour.

As shown in Table 5.3, CABF on medium-sized instances yields almost no change

in Total Cost (0.23% improvement) but leads to a dramatic average increase of 148.95%

in Migration Cost. Meanwhile, Usage Cost decreases by 15.95%. These results confirm

that, although CABF excels at consolidating workloads to cut server-usage expenses, it

incurs substantially higher migration overhead for medium workloads and thus needs

further tuning to balance both objectives.
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5.2.1.3 Comparison of CABF and Gurobi on Large Instances

Table 5.4: Comparison of CABF and Gurobi on Large Instances

Instance Total Cost Migration Cost Usage Cost Time (sec)
Gurobi* CABF Diff. (%) | Gurobi* CABF Diff. (%) | Gurobi* CABF Diff. (%) | Gurobi* CABF
21 42294 41736 -1.32 17634 20286 15.04 | 24660 21450 -13.02 3600 0.5
22 50403 49733 -1.33 6033 12333 104.43 | 44370 37400 -15.71 3600 0.5
23 50310 49737 -1.14 7380 12462 68.86 | 42930 37275 -13.17 3600 0.6
24 50629 49423 -2.38 7914 12723 60.77 | 42715 36700 -14.08 3600 0.7
25 49093 48385 -1.44 7443 13995 88.03 | 41650 34390 -17.43 3600 0.6
26 50909 49754 -2.27 8154 12354 51.51 42755 37400 -12.52 3600 0.6
27 76153 74021 -2.80 13398 19896 48.50 | 62755 54125 -13.75 3600 0.9
28 74672 74355 -0.42 10722 20160 88.02 | 63950 54195 -15.25 3600 0.8
29 75545 74864 -0.90 11760 19944 69.59 | 63785 54920 -13.90 3600 0.5
30 76245 74785 -1.91 12210 19650 60.93 | 64035 55135 -13.90 3600 0.9
Average -1.59 65.57 -14.27

*Gurobi execution time was limited to 1 hour.

As shown in Table 5.4, our initial CABF algorithm on large instances yields a modest

decrease in Total Cost (—1.59%) and a substantial reduction in Usage Cost (—14.27%),

demonstrating its strength in consolidating VMs to lower server-usage expenses. How-

ever, Migration Cost increases by 65.57%, indicating that the algorithm’s aggressive

reshuffling of VMs incurs significant overhead at scale and requires further tuning to

balance migration and usage objectives.
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5.2.1.4 Comparison of CABF and Gurobi on High Usage Cost Instances

Table 5.5: Comparison of CABF and Gurobi on High Usage Cost Instances

Instance Total Cost Migration Cost Usage Cost Time (sec)
Gurobi* CABF Diff. (%) | Gurobi* CABF Diff. (%) | Gurobi* CABF Diff. (%) | Gurobi* CABF
31 62640 54294 -9.52 2790 5694 104.09 | 59850 48600 -18.80 3600 0.3
32 89519 81763 -8.66 3144 4338 37.98 | 86375 77425 -10.36 3600 0.3
33 72591 65444 -9.85 3741 6744 80.27 | 68850 58700 -14.74 3600 0.3
34 88151 80976 -8.14 3426 4326 26.27 | 84725 76650 -9.53 3600 0.5
35 86778 79559 -8.32 3228 4809 48.98 | 83550 74750 -10.53 3600 0.6
36 109396 99641 -8.92 3996 5916 48.05 | 105400 93725 -11.08 3600 0.7
37 111164 102048 -8.20 3039 5373 76.80 | 108125 96675 -10.59 3600 0.5
38 112328 99224 -11.67 2928 5874 100.61 | 109400 93350 -14.67 3600 0.4
39 112536 99489 -11.59 2811 5964 112.17 | 109725 93525 -14.76 3600 0.5
40 109278 102167 -6.51 4878 5367 10.02 | 104400 96800 -7.28 3600 0.6
Average -9.52 64.52 -12.23

*Gurobi execution time was limited to 1 hour.

As shown in Table 5.5, lowering the Usage Cost weight to 25 leads CABF to achieve

an average Total Cost reduction of 9.52% and a Usage Cost drop of 12.23%, but at the

expense of a 64.52% increase in Migration Cost. This indicates that while tuning the

model to favor usage-cost savings improves overall consolidation, it also amplifies VM

reshuffling overhead, necessitating additional strategies to mitigate migration costs.
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5.2.1.5 Comparison of CABF and Gurobi on Low Usage Cost Instances

Table 5.6: Comparison of CABF and Gurobi on Medium Instances with Low Usage Cost

Instance Total Cost Migration Cost Usage Cost Time (sec)
Gurobi* CABF Diff. (%) | Gurobi* CABF Diff. (%) | Gurobi* CABF Diff. (%) | Gurobi* CABF
41 4471 4008 -10.36 1899 1437 -24.33 2572 2571 -0.04 3600 0.5
42 7106 4437 -37.56 3690 681 -81.50 3416 3756 9.90 3600 0.5
43 5142 5302 3.11 2067 2271 9.87 3075 3031 -1.43 3600 0.6
44 6367 4756 -25.30 2820 1074 -61.91 3547 3682 3.81 3600 0.3
45 5941 5107 -14.04 2415 1596 -33.91 3526 3511 -0.43 3600 0.3
46 7193 6357 -11.62 2694 2001 -25.72 4499 4356 -3.18 3600 04
47 6304 5695 -9.66 3725 1080 -71.03 4579 4615 0.79 3600 0.5
48 6696 6306 -5.82 2145 1929 -10.07 4551 4377 -3.82 3600 04
49 6273 6357 1.34 1638 2001 22.16 4635 4356 -6.02 3600 04
50 8654 5700 -34.13 4326 1047 -75.80 4328 4653 7.51 3600 0.3
Average -14.40 -31.86 0.71

*Gurobi execution time was limited to 1 hour.

As shown in Table 5.6, reducing the Usage Cost weight to 1 drives CABF to achieve a
substantial average Total Cost reduction of 14.40% and a 31.86% decrease in Migration
Cost, while Usage Cost remains essentially unchanged (+0.71%). This outcome indi-
cates that deprioritizing usage costs compels the algorithm to favor migration savings,
significantly lowering both overall and migration expenses without materially increasing

server-usage costs.
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Figure 5.1: CABF and Gurobi: Total, Migration and Usage Cost Comparison
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Overall, as shown in Figure 5.1 CABF consistently excels at reducing server-
usage expenses across all instance sizes, yet it incurs significant VM migration overhead
that undermines its total-cost benefits. To address this imbalance, we turn our attention
to a lookahead-enhanced placement strategy. In the next section, we will introduce our
Lookahead Best Fit LBF algorithm and share its performance results; in doing so, we will
examine how integrating future-demand predictions can reduce migration costs and shift

the balance with usage-cost efficiency.
5.2.2 Performance Evaluation of the LBF Heuristic (Lookahead Best-Fit)

Building on the CABF framework, our Lookahead Best-Fit (LBF) algorithm in-
corporates a one-step demand forecast into the placement decision. At each time period,
LBF evaluates not only the current resource requirements but also anticipated workloads
in the next period, allowing it to favor VM assignments that reduce future migrations
while maintaining high server-usage efficiency. In this section, we will examine its per-
formance across different datasets. For these experiments, the lookahead horizon was set

to 10 time periods.
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5.2.2.1 Comparison of LBF and Gurobi on Small Instances

Table 5.7: Comparison of Lookahead Best-Fit (LBF) and Gurobi on Small Instances

Instance Total Cost Migration Cost Usage Cost Time (sec)
Gurobi*  LBF Diff. (%) | Gurobi* LBF Diff.(%) | Gurobi* LBF Diff.(%) | Gurobi* LBF
1 3981 4568 14.75 651 378 -41.94 3330 4190 25.83 3600 0.7
2 4038 4850 20.11 573 240 -58.12 3465 4610 33.04 3600 1.1
3 3002 3615 20.42 387 255 -34.11 2615 3360 28.49 3600 0.8
4 2989 3330 11.41 399 495 24.06 2590 2835 9.46 3600 0.7
5 4043 4647 14.94 588 177 -69.90 3455 4470 29.38 3600 1.3
6 10964 11594 5.75 924 564 -38.96 | 10040 11030 9.86 3600 2.8
7 11520 11708 1.63 435 543 24.83 11085 11165 0.72 3600 2.6
8 10950 11398 4.09 795 633 -20.38 | 10155 10765 6.01 3600 2.9
9 11194 11224 0.27 954 984 3.14 | 10240 10240 0.00 3600 2.5
10 11466 11627 1.40 531 537 1.13 10935 11090 1.42 3600 2.4
Average 9.48 -21.02 14.42

*Gurobi execution time was limited to 1 hour.

As shown in Table 5.7, the LBF algorithm increases Total Cost by 9.48% com-
pared to Gurobi, reduces Migration Cost by 21.02%, but worsens Usage Cost by 14.42%.
This indicates that while lookahead integration effectively curbs costly VM migrations, it
introduces additional server-usage expenses, highlighting a trade-off between migration

reduction and usage efficiency.
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5.2.2.2 Comparison of LBF and Gurobi on Medium Instances

Table 5.8: Comparison of Lookahead Best-Fit (LBF) and Gurobi on Medium Instances

Instance Total Cost Migration Cost Usage Cost Time (sec)
Gurobi*  LBF Diff. (%) | Gurobi* LBF Diff.(%) | Gurobi* LBF Diff. (%) | Gurobi* LBF
11 14811 14358 -3.06 2031 1533 -24.52 | 12780 12825 0.35 3600 4.9
12 19869 19519 -1.76 969 924 -4.64 | 18900 18595 -1.61 3600 5.8
13 17147 17496 2.04 2652 2406 -9.28 14495 15090 4.10 3600 3.5
14 20234 19473 -3.76 2889 1098 -61.99 | 17345 18375 5.94 3600 5.8
15 19972 19143 -4.15 2802 1623 -42.08 | 17170 17520 2.04 3600 3.8
16 24894 23775 -4.50 2979 2025 -32.02 | 21915 21750 -0.75 3600 6.2
17 24433 24134 -1.22 2043 1119 -45.23 | 22390 23015 2.79 3600 6.6
18 24923 23776 -4.60 2298 1926 -16.19 | 22625 21850 -3.43 3600 8.4
19 24647 23766 -3.57 1737 2031 1693 | 22910 21735 -5.13 3600 7.8
20 25799 24270 -5.93 4284 1050 -75.49 | 21515 23220 7.92 3600 8.8
Average -3.05 -29.45 1.22

*Gurobi execution time was limited to 1 hour.

Compared to small instances, LBF on medium workloads now achieves an average Total

Cost reduction of 3.05% (vs. a 9.48% increase previously) As shown in Table 5.8 and a

larger average Migration Cost decrease of 29.45% (vs. 21.02%), while the Usage Cost

penalty drops to only 1.22% (from 14.42%). This indicates that the lookahead strategy

becomes more effective at scale, delivering overall cost savings with minimal impact on

server-usage efficiency.
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5.2.2.3 Comparison of LBF and Gurobi on Large Instances

Table 5.9: Comparison of Lookahead Best-Fit (LBF) and Gurobi on Large Instances

Instance Total Cost Migration Cost Usage Cost Time (sec)
Gurobi* LBF Diff. (%) | Gurobi* LBF Diff. (%) | Gurobi* LBF Diff. (%) | Gurobi* LBF
21 42294 39801 -5.89 17634 15831 -10.22 | 24660 23970 -2.80 3600 14.3
22 50403 47748 -5.27 6033 3918 -35.06 | 44370 43830 -1.22 3600 25.1
23 50310 47771 -5.05 7380 3891 -47.28 | 42930 43880 2.21 3600 24.9
24 50629 47353 -6.47 7914 4248 -46.32 | 42715 43105 0.91 3600 242
25 49093 47005 -4.25 7443 4260 -42.77 | 41650 42745 2.63 3600 224
26 50909 48220 -5.28 8154 2775 -65.97 | 42755 45445 6.29 3600 28.5
27 76153 72413 -4.91 13398 3318 -75.24 | 62755 69095 10.10 3600 45.5
28 74672 72630 -2.73 | 10722 3525 -67.12 | 63950 69105 8.06 3600 48.5
29 75545 73048 -3.31 11760 3423 -70.89 | 63785 69625 9.16 3600 39.2
30 76245 73244 -3.94 | 12210 3594 -70.57 | 64035 69650 8.71 3600 40.5
Average -4.71 -53.14 4.41

*Gurobi execution time was limited to 1 hour.

Compared to small and medium datasets, the LBF algorithm on large instances further

improves its overall effectiveness. While on small instances LBF increased Total Cost

by 9.48% and on medium instances it reduced Total Cost by 3.05%, on large workloads

it achieves an average Total Cost reduction of 4.71%. Migration Cost reduction also

grows from 21.02% (small) and 29.45% (medium) to 53.14% on large instances, as shown

in Table 5.9, demonstrating that lookahead’s benefit in curbing VM reshuffling scales

with problem size. Usage Cost penalties, which were 14.42% on small and 1.22% on

medium, settle at 4.41% on large instances—indicating a more balanced trade-off between

migration savings and server-usage efficiency at higher scales.
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5.2.2.4 Comparison of LBF and Gurobi on High Usage Cost Instances

Table 5.10: Comparison of LBF and Gurobi on Medium Instances with High Usage Cost

Instances
Instance Total Cost Migration Cost Usage Cost Time (sec)
Gurobi* LBF Diff. (%) | Gurobi* LBF Diff. (%) | Gurobi* LBF Diff. (%) | Gurobi* LBF
31 62640 64870 3.56 2790 1770 -36.56 | 59850 63100 5.43 3600 3.8
32 89519 92765 3.63 3144 1215 -61.35 | 86375 91550 5.99 3600 5.1
33 72591 76496 5.38 3741 2721 -27.27 | 68850 73775 7.15 3600 4.2
34 88151 91821 4.16 3426 1371 -59.98 | 84725 90450 6.76 3600 3.8
35 86778 88046 1.46 3228 1896 -41.26 | 83550 86150 3.11 3600 4.4
36 109396 109581 0.17 3996 2331 -41.67 | 105400 107250 1.76 3600 7.5
37 111164 115004 3.45 3039 1404 -53.80 | 108125 113600 5.06 3600 7.5
38 112328 109671 -2.37 2928 2271 -22.44 | 109400 107400 -1.83 3600 6.6
39 112536 109506 -2.69 2811 2331 -17.08 | 109725 107175 -2.32 3600 7.8
40 109278 115543 5.73 4878 1443 -70.42 | 104400 114100 9.29 3600 6.9
Average 2.25 -43.18 4.04

*Gurobi execution time was limited to 1 hour.

Comparing Table 5.10 (Usage Cost = 25) against the baseline (Usage Cost =5, Table 5.8),
we observe that raising the usage cost weight leads LBF to increase Total Cost from an
average decrease of 3.05 % to an average increase of 2.25%, further reduce migration cost
(from —29.45% down to —43.18%), worsen usage cost more significantly (from +1.22 %
up to +4.04%),

These shifts indicate that emphasizing usage cost savings (by inflating its weight)
drives the lookahead policy to accept more VM reshuffling overall—trading additional

server-usage expense for even greater migration reductions.
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5.2.2.5 Comparison of LBF and Gurobi on Low Usage Cost Instances

Table 5.11: Comparison of LBF and Gurobi on Medium Instances with Low Usage Cost

Instances
Instance Total Cost Migration Cost Usage Cost Time (sec)
Gurobi* LBF Diff. (%) | Gurobi* LBF Diff. (%) | Gurobi* LBF Diff. (%) | Gurobi* LBF
41 4471 4062 -9.15 1899 1491 -21.48 2572 2571 -0.04 3600 4.8
42 7106 4437 -37.56 3690 681 -81.54 3416 3756 9.90 3600 5.9
43 5142 5470 6.38 2067 2439 18.00 3075 3031 -1.43 3600 4.9
44 6367 4756 -25.30 2820 1074 -61.91 3547 3682 3.81 3600 4.4
45 5941 5107 -14.04 2415 1596 -33.91 3526 3511 -0.43 3600 3.9
46 7193 6357 -11.62 2694 2001 -25.72 4499 4356 -3.18 3600 6.1
47 6304 5695 -9.66 3725 1080 -71.03 4579 4615 0.79 3600 8.2
48 6696 6276 -6.27 2145 1899 -11.47 4551 4377 -3.82 3600 7.6
49 6273 6357 1.34 1638 2001 22.16 4635 4356 -6.02 3600 6.4
50 8654 5673 -34.45 4326 1020 -76.42 4328 4653 7.51 3600 8.2
Average -14.03 -30.97 0.71

*Gurobi execution time was limited to 1 hour.

Comparing the low usage cost configuration (Table 5.11) with both the baseline setup
(Usage Cost = 5, Table 5.8) and the high—Usage Cost variant (Usage Cost = 25, Table
5.10), we see that reducing the usage cost to 1 drives the Total Cost down to —14.03%
(versus +2.25% under high usage), delivers a substantial yet slightly moderated migration
cost reduction of —30.97% (compared to —43.18%), and keeps the Usage Cost penalty
negligible at +0.71%. Together, these results confirm that deprioritizing server usage
charges enables the LBF algorithm to achieve its strongest overall cost savings while

maintaining effective migration control.
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Figure 5.2: LBF and Gurobi: Total, Migration and Usage Cost Comparison
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As shown in Figure 5.2, although the Lookahead Best-Fit (LBF) algorithm lever-
ages limited future demand predictions, it proved inadequate for our temporal VM place-
ment problem: it operates over a restricted lookahead window, fails to capture all VM
interactions, and as refinements are mades olution times grow prohibitively long. Con-
sequently, we sought alternative placement strategies. Accordingly, we developed an ap-
proach focused on keeping VMs in place as much as possible by considering past place-
ments. We designed the Temporal-MIG (T-MIG) method based on previous assignment
history. In the next section, we will explain the performance of the T-MIG algorithm in

detail.
5.2.3 Performance Evaluation of the T-MIG Heuristic (Temporal -Migration-Aware)

The computational results presented in this section demonstrate the effectiveness
and practicality of the proposed T-MIG heuristic in solving the temporal VM placement
problem with migration costs. As will be illustrated in the following tables and figures, T-
MIG consistently produces solutions with low total cost—comprising both migration and
server usage costs—within a matter of seconds. This rapid execution is especially valu-
able in real-world cloud environments, where allocation decisions must be made promptly
to avoid service disruptions or resource inefficiencies. The heuristic’s performance is par-
ticularly notable on large-scale datasets, where exact solvers such as Gurobi either exceed
acceptable time limits or fail due to memory constraints. These results highlight T-MIG’s
potential as a scalable and responsive alternative for dynamic, cost-sensitive VM place-
ment.

The performance of the proposed heuristic algorithm T-MIG is compared against
the exact solver Gurobi in Tables 5.12-5.15. These tables present a detailed breakdown of
total cost, migration cost, and server usage cost across small, medium, and large instance

categories. For each metric, the percentage gap between the two methods is calculated to
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measure the relative deviation of the heuristic from the optimal or near optimal solution.
In addition, execution times are reported to highlight the computational efficiency of the
heuristic. This comparison enables a comprehensive evaluation of both solution quality

and scalability across varying problem sizes.

5.2.3.1 Performance Evaluation on Small Instances

Table 5.12: Comparison of T-MIG and Gurobi on Small Instances.

Instance Total Cost Migration Cost Usage Cost Time (sec)
Gurobi* T-MIG Diff. | Gurobi* T-MIG  Diff. | Gurobi* T-MIG Diff. | Gurobi* T-MIG
1 3981 4842 21.63 651 42 -93.55 3330 4800 44.14 3600 0.2
2 4038 4914 21.69 573 39 -93.19 3465 4875 40.69 3600 0.2
3 3002 3647 21.49 387 72 -814 2615 3575 36.71 3600 0.1
4 2989 3474 16.23 399 99 -75.19 2590 3375 30.31 3600 0.1
5 4043 4986 23.32 588 6 -98.98 3455 4980 44.13 3600 0.2
6 10964 11903  8.56 924 48 -94.81 10040 11855 18.08 3600 0.3
7 11520 11894  3.25 435 84 -80.69 11085 11810 6.54 3600 0.3
8 10950 11896  8.64 795 51 -93.58 10155 11845 16.64 3600 0.2
9 11194 11820 5.59 954 60 -93.71 10240 10150 -0.88 3600 0.2
10 11466 11903  3.81 531 48 -90.96 10935 11855 8.41 3600 0.3
Average 13.42 -89.60 24.47

*Gurobi execution time limited to 1 hour.

Table 5.12 presents a comparative analysis of our proposed T-MIG algorithm
against the Gurobi solver on small-scale VM placement instances. The evaluation fo-
cuses on three cost metrics—Total Cost, Migration Cost, and Usage Cost—as well as

computation time.

Total Cost: Although Gurobi achieves lower total costs on all instances, the average rela-

tive difference remains moderate at 13.42%. This indicates that T-MIG produces solutions
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that are reasonably close to optimal in terms of total cost, while being orders of magnitude

faster.

Migration Cost: T-MIG significantly outperforms Gurobi with respect to migration cost.
On average, T-MIG reduces the migration cost by 89.61% compared to Gurobi. This sug-
gests that our algorithm is highly effective at minimizing the number of VM migrations,

which is particularly beneficial in dynamic and high-latency environments.

Usage Cost: T-MIG tends to increase the server usage cost compared to Gurobi. The av-
erage relative increase is 24.48%. This is expected, as T-MIG often prefers keeping VMs
on the same servers to avoid migration penalties, even if that results in higher resource
usage. This trade-off demonstrates the algorithm’s bias toward minimizing migration

overhead rather than aggressively consolidating VMs.

Execution Time: One of the most striking observations is the execution time. While
Gurobi consistently hits the maximum time limit of 3600 seconds, T-MIG returns results
in under 0.3 seconds for all instances. This substantial speed advantage confirms the
scalability and practical applicability of T-MIG in real-time or large-scale scenarios where

timely decision-making is critical.

In summary, T-MIG provides a compelling alternative to exact solvers like Gurobi, of-
fering rapid solutions with significantly lower migration overhead, albeit at the cost of a

modest increase in server usage.
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Figure 5.3: Migration Cost Comparison between Gurobi and T-MIG across Small In-

stances
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Figure 5.3 and 5.4 compares the absolute migration costs of Gurobi and T-MIG
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across all small scale test instances. It is evident that T-MIG achieves dramatically lower
migration costs in every single case. While Gurobi incurs hundreds of migration units,
often close to or exceeding 900—T-MIG consistently keeps migration cost below 100,
with several instances registering as low as 6 or 39 units.

To further illustrate this trend, Figure 5.4 presents the percentage reduction in mi-
gration cost achieved by T-MIG relative to Gurobi. The difference(diff.) values range
between —75.19% and —98.98%, with an average reduction of —89.61%. This substan-
tial improvement demonstrates T-MIG’s strong emphasis on minimizing virtual machine
movements across time periods.

While this migration aware behavior improves system stability and reduces over-
head from frequent reallocations, it also leads to a trade off in server usage. Specifically,
as shown in Table 5.12, T-MIG exhibits a higher usage cost in most small instances com-
pared to Gurobi. This indicates that the algorithm tends to activate more servers in or-
der to avoid costly migrations. Although this is an intentional design decision, it also
highlights an opportunity for further improvement—particularly in small scale scenar-
i0os where smarter consolidation could reduce overall usage costs without significantly
increasing migrations.

In summary, T-MIG excels at limiting migration overhead, offering a robust so-
lution in dynamic environments. However, future versions of the algorithm could be

enhanced to better balance usage efficiency with migration avoidance.
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5.2.3.2 Performance Evaluation on Medium Instances

Table 5.13: Comparison of T-MIG and Gurobi on Medium Instances.

Instance Total Cost Migration Cost Usage Cost Time (sec)
Gurobi* T-MIG Diff. | Gurobi* T-MIG  Diff. | Gurobi* T-MIG Diff. | Gurobi* T-MIG
11 14811 15531 4.86 2031 276 -86.41 12780 15255 19.37 3600 0.2
12 19869 19854 -0.08 969 69 -92.88 18900 19785 4.68 3600 0.2
13 17147 19523 13.86 2652 168 -93.67 14495 19355 33.53 3600 0.2
14 20234 19887 -1.71 2889 57 -98.03 17345 19830 14.33 3600 0.2
15 19722 19881  0.81 2028 66 -96.74 | 17170 19745 15.03 3600 0.2
16 24894 24769  -0.5 2979 84 -97.18 | 21915 24685 12.64 3600 0.2
17 24433 24911 1.96 2043 66 -96.77 | 22390 24845 10.96 3600 0.2
18 24923 24641 -1.13 2298 126 -94.52 | 22625 24515 8.35 3600 0.2
19 24647 24769  0.49 1737 84 -95.16 | 22910 24685 7.5 3600 0.2
20 25799 24892 -3.52 4284 57 -98.67 | 21515 24835 1543 3600 0.2
Average 1.34 -95.09 14.20

*Gurobi execution time limited to 1 hour.

Table 5.13 presents a comparative analysis of the T-MIG algorithm against the
Gurobi solver on medium scale VM placement instances. As with small instances, the

evaluation is based on Total Cost, Migration Cost, Usage Cost, and Execution Time.

Total Cost: Unlike in small instances, where Gurobi outperforms T-MIG in every case,
the results in medium instances are more balanced. While Gurobi still achieves slightly
better total costs on average, the mean difference narrows significantly to just 1.34%, com-
pared to 13.42% in small instances. This indicates that T-MIG scales well and continues

to provide competitive solutions even as problem size increases.

Migration Cost: T-MIG again shows a clear advantage over Gurobi in minimizing mi-
gration costs. On average, it reduces migration cost by 95.09%, which is even better than

the 89.61% reduction observed in small instances. This confirms that T-MIG maintains its
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migration efficiency regardless of problem scale, making it highly suitable for dynamic,

latency sensitive systems.

Usage Cost: Similar to the trend in small instances, T-MIG exhibits higher server usage
costs than Gurobi, with an average increase of 14.20%. While this increase is lower
than the 24.48% observed in small instances, it still reflects T-MIG’s strategy of favoring
stable allocations to avoid migration penalties, occasionally at the cost of higher resource

utilization.

Execution Time: The runtime advantage of T-MIG remains consistent. Gurobi once
again reaches the time limit in all cases, while T-MIG provides solutions in just 0.2 sec-
onds. It is important to note that the 3600 second limit for Gurobi was externally imposed
to ensure fair comparison and practical feasibility. This substantial difference highlights
the suitability of T-MIG for real time or large scale scenarios where computational effi-

ciency is critical.

In conclusion, while the performance difference in total cost narrows in medium in-
stances, T-MIG continues to offer substantial gains in migration efficiency and runtime
performance. Its trade off between usage and migration remains evident but slightly more

balanced compared to small scale scenarios.
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Figure 5.5: Migration Cost Comparison between Gurobi and T-MIG across Medium

Instances
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Figure 5.5 and 5.6 illustrates the absolute migration cost comparison between
Gurobi and T-MIG on medium scale instances. Consistent with the observations made
in small instances, T-MIG achieves significantly lower migration costs in every case. For
example, while Gurobi incurs migration costs ranging from 969 to 4284 units, T-MIG lim-
its this range to just 57 to 276 units. This clearly demonstrates the algorithm’s continued
success in reducing costly VM relocations at scale.

To quantify this improvement, Figure 5.6 presents the percentage reduction in
migration cost achieved by T-MIG relative to Gurobi. The difference values vary between
—86.41% and —98.67%, with an average of —95.09%. Compared to the —89.61% average
reduction observed in small instances, this result shows that T-MIG not only maintains but
even improves its migration efficiency as the problem size increases.

These findings confirm that T-MIG is highly effective at reducing migration over-
head regardless of instance scale. The algorithm’s strong preference for migration avoid-
ance remains consistent across both small and medium scenarios, ensuring minimal dis-
ruption in dynamic environments and improving system reliability. Nevertheless, the
slightly increased server usage costs observed in both scales indicate potential room for

improvement in terms of consolidation efficiency.
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5.2.3.3 Performance Evaluation on Large Instances

Table 5.14: Comparison of T-MIG and Gurobi on Large Instances.

Instance Total Cost Migration Cost Usage Cost Time (sec)
Gurobi* T-MIG Diff. | Gurobi* T-MIG  Diff. | Gurobi* T-MIG Diff. | Gurobi* T-MIG
21 42294 46255 937 | 17634 975 -94.47 | 24660 45280 83.62 3600 0.4
22 50403 49499 -1.79 6033 174 -97.12 | 44370 49325 11.17 3600 0.4
23 50310 49461 -1.69 7380 231 -96.87 | 42930 49230 14.68 3600 0.3
24 50629 49499 -2.23 7914 249 -96.85 | 42715 49250 153 3600 0.3
25 49093 49460 0.75 7443 210 -97.18 | 41650 49250 18.25 3600 0.3
26 50909 49421 -2.92 8154 231 -97.17 | 42755 49190 15.05 3600 0.4
27 76153 74421 -2.27 | 13398 231 -98.28 | 62755 74190 18.22 3600 0.4
28 74672 74537 -0.18 | 10722 252 -97.65| 63950 74285 16.16 3600 0.5
29 75545 74828 -0.95 11760 198 -98.32 | 63785 74630 17.00 3600 0.5
30 76245 74941 -1.71 12210 66 -99.46 | 64035 74875 16.93 3600 0.5
Average -0.36 -97.33 22.63

*Gurobi execution time limited to 1 hour.

Table 5.14 presents the results of the T-MIG algorithm compared to the Gurobi

solver on large scale VM placement instances. The evaluation follows the same struc-

ture as in previous sections, focusing on Total Cost, Migration Cost, Usage Cost, and

Execution Time.

Total Cost: In contrast to small and medium instances, where Gurobi generally yielded

lower total costs, the difference in large instances almost vanishes. The average total

cost difference is only —0.36%, indicating that T-MIG produces solutions that are nearly

equivalent to those of Gurobi in terms of total cost. This result highlights T-MIG’s abil-

ity to scale effectively, maintaining solution quality even as the problem complexity in-

creases.
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Migration Cost: T-MIG continues to demonstrate a strong advantage in minimizing mi-
gration overhead. The average migration cost reduction reaches —97.34%, which sur-
passes the reduction rates in both small (—89.61%) and medium (—95.09%) instances.
This improvement reaffirms that T-MIG is highly effective in avoiding unnecessary VM

movements, making it well-suited for stability-critical or high-latency environments.

Usage Cost: As in previous scales, T-MIG incurs higher usage costs compared to Gurobi.
The average usage cost increase in large instances rises to 22.64%, which is higher than
the 14.20% observed in medium instances, but still slightly below the 24.48% in small
instances. This again reflects the algorithm’s design choice to sacrifice some consolidation
opportunities in favor of minimizing migration cost, revealing a clear area for potential
optimization.

Execution Time: T-MIG maintains its consistent speed advantage. While Gurobi is again
limited to the externally imposed 3600 second time cap in all cases, T-MIG solves each in-
stance in under 0.5 seconds. This significant time efficiency demonstrates the algorithm’s

practical value in large scale and time sensitive decision making scenarios.

In conclusion, T-MIG scales remarkably well across instance sizes. It maintains com-
petitive total costs, achieves superior migration efficiency, and delivers solutions almost
instantly. Although the increase in usage cost remains a trade off, it becomes more con-

trolled at scale, and presents a meaningful direction for future enhancements.

58



Figure 5.7: Migration Cost Comparison between Gurobi and T-MIG across Large In-

stances
104 Migration Cost Comparison (T-MIG vs Gurobi)
_77634 | | | | | |
z 0 13,398 12.210 |
173 m 11 ’
3 10,722 11700 72
g 1| ] .
E 7380 794 7443 8154
&b 6,033
= 0.5 :
75
0 0 74 31 49 10 31 231 [252 198 66
21 22 23 24 25 26 27 28 29 30
[0 Gurobi [0 T-MIG
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Figure 5.7 and 5.8 illustrates the migration costs of Gurobi and T-MIG across large
scale instances. As in previous scales, T-MIG drastically reduces migration costs in all
cases. For instance, while Gurobi’s migration cost reaches values as high as 17,634 units,
T-MIG consistently limits this to below 300, with some instances dropping as low as 66.
This significant difference persists even as the number of VMs and time periods increases,
further validating the scalability of the approach.

To provide a clearer view of this improvement, Figure 5.8 shows the percentage
reduction in migration cost achieved by T-MIG relative to Gurobi. The difference values
range from —94.47% to —99.46%, with an average of —97.34%, which is the highest
among all three instance categories. This trend confirms that the migration avoidance
strategy embedded in T-MIG becomes increasingly effective with larger problem sizes.

These results reinforce T-MIG’s key strength: minimizing migration overhead.
Such a reduction not only lowers operational cost but also helps maintain system stability
and performance in large scale and dynamic cloud environments. However, as observed
in earlier experiments, this improvement comes with an increase in usage cost, which

remains a potential area for further optimization.
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5.2.3.4 Performance Evaluation on Varying Usage Cost Instances

Table 5.15: Comparison of T-MIG Variants with Gurobi on Medium Instances Using

Usage Costs 25 and 1

MEDIUM INSTANCES - MIG COST= 3 and USAGE COST= 25

Instance Total Cost Migration Cost Usage Cost Time (sec)

Gurobi T-MIG  Diff. | Gurobi T-MIG  Diff. | Gurobi T-MIG Diff. | Gurobi* T-MIG

31 62640 76551 22.21 2790 276 -90.11 | 59850 76275 27.44 3600 0.2
32 89519 98994 10.58 3144 69 -97.81 | 86375 98925 14.53 3600 0.2
33 72591 96943  33.55 3741 168 -95.51 | 68850 96775 40.56 3600 0.3
34 88151 99207 12.54 3426 57 -98.34 | 84725 99150 17.03 3600 0.3
35 86778 98791 13.84 3228 66 -97.96 | 83550 98725 18.16 3600 0.2
36 103996 123509 18.69 3996 84  -97.9 | 105400 123425 17.10 3600 0.2
37 111364 124291 11.81 3039 66 -97.83 | 108125 124225 14.89 3600 0.2

38 112328 122701 9.23 2928 126 -95.70 | 109400 122575 12.04 3600 0.2

39 112536 123509 9.75 2811 84 -97.01 | 109725 123425 12.49 3600 0.3
40 109278 124232 13.68 4878 57 -98.83 | 104400 124175 18.94 3600 0.2
Average 15.00 -96. 19.31

MEDIUM INSTANCES - MIG COST= 3 and USAGE COST=1

Instance Total Cost Migration Cost Usage Cost Time (sec)
Gurobi T-MIG  Diff. | Gurobi T-MIG  Diff. | Gurobi T-MIGv3 Diff. | Gurobi* T-MIG
41 4471 3327 -25.59 1899 276 -85.47 2572 3051 18.62 3600 0.2
42 7106 4056 -42.92 | 3690 108 -97.07 3416 3948 15.57 3600 0.1
43 5142 4039 -21.45| 2067 168 -91.87 3075 3871 25.89 3600 0.2
44 6347 4023 -36.81 2820 57 -97.98 3547 3966 11.81 3600 0.2
45 5941 4015 -32.42 | 2415 66 -97.27 3526 3949 12.00 3600 0.2
46 7193 5021 -30.2 | 2694 84 -96.88 4499 4937  9.74 3600 0.2
47 6304 5033 -20.13 1725 66 -96.17 4579 4969  8.52 3600 0.2
48 6696 5029 -24.89 | 2145 66 -96.93 4551 4937 847 3600 0.2
49 6273 5021 -19.96 1638 84 -94.87 4635 4937  6.52 3600 0.2
50 8654 5024 -41.95| 4326 57 -98.68 4328 4967 14.76 3600 0.2
Average -29.63 -95.03 13.11

*Gurobi execution time limited to 1 hour.
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To further explore the trade-off between migration cost and usage cost, two differ-
ent usage strategies were evaluated on medium scale instances: Usage cost = 25 (favoring
low migration) and Usage cost = 1 (favoring low usage cost). The results are shown in

Table 5.15.

Usage cost = 25: As seen in instances 31 to 40, the configuration prioritizing migration
cost minimization leads to a significant average reduction of —96.7% in migration cost.
However, this comes at the expense of a 19.31% increase in usage cost and a 15.01% in-
crease in total cost. These results confirm that aggressively avoiding VM migrations while
beneficial for stability can lead to underutilization of servers and thus higher operational

costs.

Usage cost = 1: In contrast, instances 41 to 50 adopt a configuration aimed at reducing
usage cost. Interestingly, this setup still maintains a substantial migration cost reduction
of —95.04%, while bringing the average usage cost difference down to 13.12%. Most
notably, the total cost difference flips to a —29.63% improvement, indicating that this

configuration strikes a more favorable balance between migration and consolidation.

These results highlight the flexibility of the T-MIG framework. By adjusting the relative
weight of migration and usage cost in the objective function, the algorithm can be tuned
to fit different operational priorities. While Usage 25 minimizes VM movements, Usage
1 delivers lower total costs, suggesting that a hybrid approach or adaptive weighting may

yield even more effective results in practice.

62



Figure 5.9: Migration Cost Comparison of Gurobi and T-MIG across High Usage Cost
and Low Usage Costs
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Figure 5.9 provides a side by side comparison of migration costs for Gurobi and
T-MIG across two distinct configurations in medium-scale instances: Usage 25 (instances
31-40) and Usage 1 (instances 41-50). In both settings, T-MIG significantly outperforms
Gurobi in minimizing migration overhead.

In the high usage configuration—where the objective function penalizes migra-
tion cost heavily—T-MIG achieves extremely low migration costs, often below 100 units.
Gurobi, on the other hand, incurs values ranging from approximately 2,800 to nearly
4,900 units. This stark contrast highlights the effectiveness of T-MIG when migration

minimization is prioritized.
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In the low usage configuration, the optimization goal shifts towards lowering us-
age cost rather than migration cost. Despite this change, T-MIG maintains strong migra-
tion cost performance, with values still well below those of Gurobi. This is especially
noteworthy, as it demonstrates that T-MIG is capable of preserving low migration behav-
ior even when not explicitly instructed to prioritize it.

Overall, the graph confirms that T-MIG’s architecture inherently favors stable VM
allocations. While migration penalties can be tuned to emphasize or relax this behavior,
the algorithm’s default strategies continue to deliver significantly lower migration costs
across different operational goals. This flexibility makes T-MIG a strong candidate for

both consolidation-driven and stability-driven deployment environments.

5.2.4 Summary of Average Diff. Performance Across All Instances

Table 5.16: Average Diff. (%) Comparison of T-MIG Against Gurobi Across All Instance

Types
. High Usage | Low Usage
Metric Small | Medium | Large
Cost Cost
Total Cost Diff. (%) 13.42 1.34 | -0.36 15.01 -29.63
Migration Cost Diff. (%) | -89.61 -95.09 | -97.34 -96.70 -95.04
Usage Cost Diff. (%) 24.48 14.20 | 22.64 19.32 13.12

Table 5.16 presents the average Diff. (%) values in Total Cost, Migration Cost,
and Usage Cost across all evaluated instance groups and parameter settings. This aggre-
gated view provides a comprehensive understanding of the trade-offs made by the T-MIG

algorithm under different configurations.

64



Migration Cost: Across all categories, T-MIG consistently and significantly reduces mi-
gration costs. The average Diff. improves from —89.61% in small instances to —95.09%
in medium and peaks at —97.34% in large instances. These results confirm that migration
minimization remains T-MIG’s strongest attribute, even as problem complexity scales.
Both usage-weighted variants in medium instances (Usage 25 and Usage 1) also maintain

excellent performance in this regard.

Total Cost: The total cost behavior of T-MIG varies depending on the weighting strat-
egy. While total cost slightly increases in the Usage 25 scenario and in small/medium
instances, it becomes virtually equal to Gurobi in large instances. Most notably, the Us-
age 1 configuration leads to a remarkable —29.63% reduction in total cost, demonstrating
that a usage-aware tuning can yield substantial overall efficiency gains without sacrificing

migration performance.

Usage Cost: As expected, usage cost is generally higher in T-MIG, especially when mi-
gration is aggressively minimized (e.g., Usage 25 and small instances). However, this
difference becomes more controlled in larger instances and when the usage cost is pri-
oritized (Usage 1). This shows that the trade-off between stability (less migration) and

consolidation (lower usage) can be adjusted to suit different operational goals.

In summary, the results across all instance types and configurations highlight the flexibil-
ity and scalability of T-MIG. It consistently delivers extremely low migration costs and
can be tuned to balance usage and total cost performance. Particularly in low usage cost
scenarios, T-MIG demonstrates that it is capable of outperforming Gurobi even in total
cost, making it a strong candidate for dynamic and large-scale environments.

Figure 5.10 compares the total, migration, and usage costs obtained from the
Gurobi solver and our proposed heuristic T-MIG across different instance sizes. While

Gurobi produces lower total costs in small-scale scenarios, the performance gap narrows
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in larger instances, indicating the competitiveness of T-MIG. A detailed decomposition
reveals that T-MIG consistently achieves significantly lower migration costs due to its
migration-aware placement strategy. In contrast, its usage costs are slightly higher, as
minimizing migrations sometimes requires activating more servers. The fourth subplot
in Figure 5.10 summarizes the average percentage differences between the two methods
across instance categories. T-MIG provides a remarkable improvement in migration costs
up to 90% while maintaining acceptable trade offs in total cost. Although Gurobi remains
advantageous in usage costs, the findings support that T-MIG offers a viable alternative

for large scale, time extended placement problems where migration costs dominate.
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Figure 5.10: 7-MIG and Gurobi: Total, Migration and Usage Cost Comparison
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6. CONCLUSION

This paper addresses the Virtual Machine Placement Problem under time varying
workloads and migration costs, formally defined as the Temporal Bin Packing Problem
with Migration Costs (TBPMC). Unlike traditional models that assume static demand or
neglect migration costs, this study presents a comprehensive optimization framework that
incorporates both temporal dynamics and cost awareness key elements in real world cloud
environments.

To tackle the complexity and scalability limitations of exact optimization meth-
ods, we proposed a novel heuristic algorithm named T-MIG. T-MIG aims to minimize
migration costs by first keeping as many VMs as possible on their current hosts and
then assigning the remainder using a cost-based best-fit rule. Experimental results across
small, medium, and large scale synthetic datasets generated to reflect mixed CPU demand
patterns demonstrate the effectiveness of the proposed method. Compared to a Gurobi
based exact solver, T-MIG achieves comparable or superior migration cost performance,
especially under resource or time constraints.

The contribution of this work lies not only in its hybrid modeling of usage and
migration costs, but also in the demonstration of how anticipatory placement decisions can
reduce long term operational inefficiencies in cloud data centers. T-MIG offers a scalable,
adaptive, and migration aware solution with strong potential for real time application in
modern cloud infrastructures.

This study demonstrates that substantially lowering VM migration overhead en-
ables cloud and data center operators to realize multiple system level benefits. Dynam-
ically shifting VMs only when strictly necessary allows workloads to remain on under
utilized servers just long enough to smooth out spikes, reducing hotspots and queuing

delays.
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By satisfying the throughput and latency improvement criteria documented in Xu
etal. [35] and Li et al. [36], our approach can demonstrate measurable performance gains
in multi-tenant cloud environments. By cutting migration counts by over 90 percent, T-
MIG can effectively satisfy the pause time and packet loss constraints documented in
Zhang et al. [37] and Wang et al. [38]. This dramatic reduction in live migration events
can almost eliminate service interruptions, thereby resulting in fewer SLA violations,
higher availability, and enhanced end user satisfaction.

The energy implications of our approach are particularly significant. Each mi-
gration involves CPU, memory, and network activity on both source and target hosts,
incurring extra power draw. Reducing unnecessary migrations thus lowers overall en-
ergy consumption and with it, cooling and operational expenses helping green data center
initiatives meet both economic and sustainability goals [39, 40]. Additionally, live migra-
tions generate background traffic that can interfere with latency sensitive services. Fewer
migrations free up network bandwidth for primary application traffic, improving end-to-
end responsiveness and enabling tighter consolidation ratios without risking contention.

An often overlooked benefit is enhanced predictability and simplified capacity
planning. When migration events become rare and more strategic, usage patterns stabilize.
This makes it easier for operators to forecast resource needs, provision hardware, and
schedule maintenance windows with minimal disruption. Overall, T-MIG’s anticipatory
placement logic and aggressive retention of existing VM to host assignments deliver a
migration aware heuristic that is both scalable and practical for real time deployment. By
balancing server usage and migration penalties, it not only matches—but often exceeds
the total cost performance of a Gurobi based exact solver under tight time or resource

constraints, while simultaneously unlocking the operational benefits described above.
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6.1 Future Work

In future extensions, the usage cost component of the model could be optimized
using new methods proportionally to migration costs. Additional techniques could be
applied to adaptively tune usage cost weights based on observed workload patterns and
energy consumption feedback. Exploring hybrid metaheuristic frameworks (e.g., Tabu
Search or Genetic Algorithms) that jointly optimize migration and usage costs in a multi
objective setting also presents an exciting research direction. Such improvements would
likely further reduce operational costs and enhance the sustainability of cloud infrastruc-

tures.
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