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Abstract:  Cloud computing refers to a paradigm where users request necessary
computing resources through the Internet, and now there are numerous cloud service
providers offering various resources and services at affordable costs. However, finding a
provider that adequately caters to both commercial and operational needs is becoming
increasingly challenging. This research proposes a bi-objective virtual machine resource
allocation problem, which includes payment cost and execution time as the primary
objective criteria. The proposed solution approach involves presenting a bi-objective
mixed integer problem formulation followed by a two-phase method based on combi-
natorial optimization techniques to discover all Pareto optimal solutions. In phase 1,
the utilized two-phase combinatorial technique locates all supported Pareto optimal
solutions, while in phase 2, it obtains the inner non-supported Pareto optimal solu-
tions. Additionally, suitable weights for payment cost and execution time objectives
are determined corresponding to all existing Pareto optimal solutions.

Keywords: cloud computing, bi-objective programming, virtual machine assignment,
pareto optimality, scientific workflow, resource allocation.

AMS Subject classification: 90-XX, 90Cxx, 90C27
1. Introduction

In this section, we give a table of acronyms to simplify the text reading, see Table (1).
The popularity of cloud computing, a model where computer resources are provided
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2 Bi-objective resource allocation for cloud service providers

Table 1. List of Acronyms

Abbr. Description Abbr. |Description

BO-CSP Bi-objective cloud service providing ILP Integer linear programming

CRCP Computer resource and cloud production ML Machine learning

CRMP Cloud resource management problem MLR Multiple linear regression

CSP Cloud system provider MOOP | Multi-objective optimization problem
FC Federated cloud PO Pareto optimal

GP Graph processor VM Virtual machine

GRASP Greedy randomized adaptive random search

GRASP-FC | GRASP for federated clouds

to customers based on their demand and priced on a pay-per-use basis, has soared in
recent years. Cloud platforms typically host data centers that manage large-scale Vir-
tual Machines (VMs), which are especially useful for computationally intensive tasks.
Users only pay for the VMs they actually use, as these resources are dynamically
allocated to user workloads based on application requirements. In today’s business
landscape, every cloud service provider offers an extensive range of VM options at
varying price points. However, users must still carefully select the best resources based
on their specific needs in order to complete their tasks efficiently. Similar services are
offered by various Cloud System Providers (CSPs), each with its own set of additional
options, features, pricing levels, and quality standards. It is possible that a CSP may
be expensive for computing yet inexpensive for storage. With so many cloud service
options available, the customers face challenges to choose the optimal CSPs for their
requirements. Evaluating several CSPs using different assessment criteria is necessary
to determine whether a CSP is an ideal candidate for a cloud user’s needs. Therefore,
providing clients with the most significant resources and CSP services is a fundamen-
tal research paradigm, as seen in Sun et al. [24]. For a comprehensive analysis of VM
placement schemes in cloud computing, refer to Chaudhary and Kumar [7], Masdari
et al. [13].

Various CSPs offer different classes of VMs, each with unique properties such as CPU,
memory, disk storage, and pricing. Overestimating or underestimating these require-
ments can result in poor performance or high costs. Therefore, identifying the features
of available VMs and conducting a proper cost study across different CSPs is crucial.
The main challenge lies in selecting a CSP that can meet the user’s task at minimum
cost and execution time. However, solving the Constrained Multi-Objective Opti-
mization Problem (MOOP) using a parametric single-objective optimization problem
may be less effective than dichotomic methods. Adopting a parametric approach to
MOOP requires predetermined weights for objective criteria to compromise the set
of all efficient optimal solutions known as Pareto-Optimal (PO) solutions, as noted
by Ehrgott [10]. In this paper, we present a bi-objective mathematical model aimed
at selecting the optimal VMs from CSPs that satisfy both payment cost and exe-
cution time criteria. To achieve this goal, we utilize a dichotomic method to solve
the proposed bi-objective model. The dichotomic method is an exact two-phase com-
binatorial approach originally introduced by Teghem [26] for solving combinatorial
bi-objective problems. We evaluate the proposed method on a set of instances pro-
vided by well-known CSPs and find that it can generate a collection of PO solutions
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with their respective weights, which facilitates the selection of more efficient CSPs.

Based on the research by Coutinho et al. [8], Cloud Resource Management Problem
(CRMP) is a multi-criteria optimization model that takes into account users’ prefer-
ences for both cost and performance. The authors propose an integer problem formu-
lation that provides the resource requirements of applications, cost limitations, and
different types of VMs. In addition, Coutinho et al. [9] suggest an integer program-
ming formulation and a Greedy Randomized Adaptive Search Procedure (GRASP)
to select the best CSP in federated clouds (FCs). The authors use a weighted al-
gorithm in three primary ways, limiting the results to these specific sets of weights
only. Specifically, the variables oy and ag corresponding to weights of first and second
objectvies are divided into three pairs of weights: (0,1),(0.5,0.5), and (1,0), while
other potentially existing POs are not considered. Our proposed method offers a set
of different weights, i.e., a1, and aws, based on the user’s constraints, to find all POs.
To this aim, a bi-objective mixed integer mathematical model was explored, which
provides all PO solutions with the best performance in terms of paid cost and execu-
tion time criteria. The added value of the proposed model and its solution approach
are verified by some numerical examples with some reliable data taken from a list of
CSPs, see Table (6). The significant contributions of this paper are listed as follows:

e A bi-objective cloud system providing (BO-CSP) model, inspired from Coutinho
et al. [8], is given to select all efficient sets of VMs from CSPs where both exe-
cution time and monetary cost are considered as two distinct objective criteria.

e To solve the BO-CSP, an accurate dichotomic two-phase technique, first pro-
posed by Teghem [26] then extended by Visée et al. [28], is used.

e The BO-CSP model, along with its solution approach, provides the complete
set of all PO solutions. This is in contrast to other models, like those proposed
by Coutinho et al. [8] and Coutinho et al. [9] which provided some but not all
PO solutions.

e Furthermore, the intervals for the weights of the objective criteria are provided
to characterize the PO solutions.

e Some real-world CSPs’ selections based on distinct selective factors are provided
to demonstrate the feasibility and effectiveness of the proposed framework.

The remainder of this paper is organized as follows. In section (2), some related works
to the CSP resource allocation problem on single and FCs are reviewed. In section
(3), the mathematical problem formulation BO-CSP, and some basic definitions are
given. Next, in section (4), a dichotomic two-phase algorithm is illustrated and its
details are discussed. In section (5), some numerical examples have been provided to
compare the efficiency of some basic VMs for three different CSPs.
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2. Related works

In order to make decisions regarding pricing, timing, and Quality of Service (QoS)
when purchasing cloud services, a CSP selector method should be able to identify
variations in demand and service activities. It is important to have an effective strat-
egy for increasing system reliability while meeting user requirements for computing,
storage, and CPUs within the constraints of a limited budget and suitable execution
time. The cost of purchasing VMs is closely tied to the cloud provider’s pricing struc-
ture. Pay-as-you-go pricing, also known as on-demand pricing, is the most commonly
used vendor selection method in public clouds. In this model, the cost of using VMs is
a set fee per unit of time, such as an hour. This fee varies based on the types of VMs’
capacity and deployment zones. Many related works use actual prices from at least
one vendor and model on-demand pricing (e.g., from Amazon EC2). It is important
to consider these factors when making decisions about cloud purchases.

Noshy et al. [16] evaluates some optimization methods for using VMs without delay on
CSPs. Bajo et al. [3] proposed a decentralized resource allocation where a multi-agent
system can be used to re-allocating resources in a cloud computing service. Chaisiri
et al. [5, 6] offer a stochastic programming approach to support the provisioning of
VMs, both on-demand and reservation plans, while demand and pricing limitations are
taken into account. To find optimal solutions, the authors consider several approaches,
including a deterministic equivalent formulation, sample-average approximation, and
Benders’ decomposition.

Coutinho et al. [9] introduce the Cloud Resource Management Problem (CRMP),
a parametric binary model that takes user cost and performance preferences into
account. The authors outlined a method for integer programming that considers
application resource needs, cost restrictions, and various VM types. A Greedy Ran-
domized Adaptive Search Procedure (GRASP) is proposed as a solution approach
to the problem. Coutinho et al. [9] also introduced a heuristic GRASP approach
for federated clouds (GRASP-FC) to reduce the execution time of each stage of the
workflow. To evaluate the specific resources required for each task, the authors used
the GRASP meta-heuristic. The proposed approach analyzes a selection of optimal
cloud resources to fit the mapped activities in the minimum paid cost.

Abdi et al. [1] propose the GRASP-FC approach to reduce extra paid costs such as
those related to maintaining VMs and moving data between different CSPs. Although
their method is not intended to provide resource-optimized allocation, the authors
claim that employing the GRASP-FC meta-heuristic reduces the amount of time spent
searching significantly. Genez et al. [12] provided an integer linear programming (ILP)
to generate low-cost scheduling for workflow execution across various CSPs. To reduce
the search time for processes, the authors employed a granularity-based approach.
Considering costs and execution times using a historical database, the authors noted
that the algorithm’s runtime might be longer than the workflow’s execution time
itself, making the use of ILP impractical.

To forecast the duration of workflow tasks for various cloud providers, Pham et al.
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Table 2. Comparing related works from different perspectives and criteria
[8] [9] [1] [12] [20] [22] dichotomic method
Tech. CRMP GRASP GRASP-FC ILP ML GRASP+MLR BO-CSP
Multi Cloud ° . . . .
Resources
Mem. . 3 . . .
Stor. ° . . . .
CPU . . . . .
Objectives
Cost . . .
Time . ] . . . . .
‘Weight J

[20] suggests an analytical modeling-based weather forecasting method. Two steps,
including machine learning and a historical database, were used to give a predic-
tive model. Based on the task information and the VMs, the first phase calculates
the task execution time, and the second phase backs up the time estimation when
the historical execution database is empty. However, the authors demonstrated that
applying the two-phase method results in an average absolute inaccuracy and er-
ror for the group of procedures. To support more predictor variables that function
with GRASP and a multiple linear regression method, Rosa et al. [22] introduced
a Computational Resource and Cost Prediction service (CRCP). The CRCPs use a
pre-processing stage to estimate costs based on how long the workflows take to com-
plete. Because users’ needs are not focused on such criteria as time, cost, or feedback
from workflow execution, the users are allowed to submit the workflows for either a
low-cost or high-performance execution time.

In Table (2), we compared the related works together and with our results under the
column dichotomic method. We considered the problem formulation works on a single
cloud or a set of FCs or cloud brokers. A cloud broker creates a plan for reserving
VMs first, with the option to purchase additional machines if the authorized number
is exceeded during the use phase. In first part of Table (2), the aforementioned
mathematical methods in related work are compared with the BO-CSP model. In
the second portion of Table (2), the customers’ requirements including memory, disk
storage, and computing power are compared. In the third portion of Table (2), the
objective functions criteria, including execution time and paid cost, are compared. As
reported in Table (2), only Coutinho et al. [8] and Coutinho et al. [9] are concerned
with both execution time and paid cost criteria, and the other researchers considered
execution time as the objective function. However, the proposed problem formulation
by Coutinho et al. [8] and Coutinho et al. [9] are parametric models wherein the
weights of objectives are given as known values, and a few but not all PO solutions
are determined, while in the proposed dichotomic two-phase algorithm for the BO-
CSP model, all PO solutions and their related weights are obtained. Furthermore,
the intervals of weights are obtained and all PO solutions are determined.
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3. Cloud service provider problem formulation

In this section, we present a bi-objective CSP problem formulation based on the work
of Coutinho et al. [8]. The authors considered a single parametric objective function
to evaluate the payment cost and execution time required for performing a workflow on
VMs. The primary criterion for CSP customers is to execute workflows with varying
resource requirements on cloud-based VMs within reasonable time frames and limited
budgetary constraints. CSPs are responsible for providing the necessary underlying
resources to customers by offering various options for executing VMs. For instance,
Table 6. in the appendix provides some input setting examples for performing tasks
on several selected CSPs, including Microsoft Azure, Google, and Amazon CSPs.
The provided data were obtained from the U RL addresses https://cloud.google.com/,
https://azure.microsoft.com/en-us.

In this paper, an Infrastructure as a Service (Iaas) model is considered in which users
submit minimum values of some requests including disk storage, memory, and graph
processor. The two proposed objective criteria are the paid cost and execution time.
To formulate the mathematical model, a tuple binary variable is defined where

1 If package i of kind p is selected at time ¢
0  Otherwise.

Tpyit =
The other used notations are inserted in Table (3). The processing capacity of each
VM of type p is represented by the number of Giga floating operations per second
(GFlops), or gp, which is delivered along with the number of hours of execution time.
The VM also has disk space d, and memory m,, allocated. Here, the objective is to

reduce the total costs and execution time related to purchasing V Ms from a specific
CSP.

Table 3. Notations used in the BO-CSP problem formulation

Notation | Definition Notation | Definition
P Different groups of VMs gp Graph processor provided by VM type p
Ciotal Total paid cost mp Available memory in VM type p
I Set of virtual machines in a group |G in Minimum required graph processor
T Set of execution times Dopin Minimum required disk storage
Xp1,T Vector solution of all =, ; ¢ Mpin Minimum required memory
XllD,I,T Elements of Xp 1 7 with value 1 |t,in Minimum execution time
cp Cost of using VM type p leem Lexicographic Pareto solution for ¢ = 1,2
dp Disk storage of VM type p SE Set of supported Pareto solutions
NSg Set of non-supported Pareto solutions

Next, we present a bi-objective mixed integer model and discuss how it is used to solve
the CSP. A different version of this model with a single parametric objective function,
including paid cost and execution time objective criteria, is given by Coutinho et al.
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[8]. The proposed bi-objective mixed integer mathematical model is given as follows:

Ztime = Min t, (3.1a)
P N, T
Zeost = Min Z Z Z CpTp.it (3.1b)
p=1i=1 t=1
P N, T
s.t. Z CpZp. it < Ctotal (31(3)
p=1i=1 t=1
P N, T
Z Z Z gpxp,i,t Z Gmin (31d)
p=11i=1 t=1
p m
> dpwpis = Dinayr iy VEET, VP € PV €1 (3.1¢)
p=11i=1

M@
NgE

MpZpit > MuyinTp it YVt €T,Np' € PV €1 (3.1f)

p=11i=1

p T
SN apin <N Viel (3.1g)
p=1t=1
tmin > txp . VpE P, Viel, Vt €T (3.1h)
Tp,it+1 < Tpits Vp S P, Vi € I, VteT (311)
Tpit1,t < Tp.its Vpe P, Yiel, VteT (31J)
2pis €{0,1}, Vpe P, Vie I, VeT. (3.1k)

To address the BO-CSP model, given by equations (3.1a)-(3.1k), we suggest employing
a dichotomic approach to identify the PO solutions. In contrast to parametric models
where objective function weights are determined upfront, our proposed method in-
volves obtaining the first two minimum lexicographically PO solutions. Subsequently,
the weights associated with objective functions (3.1a) and (3.1b) are taken into ac-
count. The two objective functions (3.1a) and (3.1b), represent the execution time
and paid cost, respectively. Constraint (3.1c¢) ensures that the total paid cost does not
exceed a threshold value of ¢,,. Constraint (3.1d) requires that the provided graph
processor be greater than or equal to a pre-specified value of G. Inequalities (3.1e) and
(3.1f) ensure that the provided disk storage and memory capacity in each period are
sufficiently large with respect to their lower bound values, D; and M., respectively.

Constraint (3.1g) states that the total number of used V Ms should not exceed an
upper bound, N,,. Constraint (3.1h) specifies the required time for executing a task.
Constraint (3.1i) ensures that there are no idle periods between the use of V. Ms of
a particular kind p. Constraint (3.1j) guarantees symmetric solutions. Finally, Con-
straint (3.1k) defines the decision variable z,, ; ; as binary {0, 1} values, as described in
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Coutinho et al. [8]. To evaluate the proposed BO-CSP problem, some necessary defi-
nitions and preliminary information about PO solutions are provided, as outlined by

Ehrgott [10]. A vector Z = [ane} represents the objective function values associated
cost

with a feasible solution to the mathematical model (1a)-(1k).

Definition 1. The set of all feasible solutions, Xp 7, to the BO-CSP mathematical

model, (3.1a)-(3.1k), is feasible set, and the set of Z(Xp 1, 7) = ztime(Xpr7) of all feasible
Zcost (XP,I,T)

solutions is called the design space of objective functions.

For an in-depth examination of the design space of multi-objective programming, we
refer interested readers to the Mattson et al. [14].

Definition 2. A vector Z = [zﬁme] from the design space is dominated by the vector
cost

Z = |:Z:5im5:| lf both ztime S Ztime, Zcost S Zcost and Z 7£ Z.

Zcost

Remark 1. A vector Z = {Z;me} from the design space is non-dominated point if
cost
there is no other solution vector in the design space which is dominated to the vector Z.

Furthermore, Z < Z if both Ziime < Ztime and Zeost < Zeost-

Definition 3. A feasible vector solution Xp,1.7 is a weakly optimal solutions, if there is
no Xp,1,r so that Z(Xp,r,r) < Z(Xp,1,7). The weakly optimal solution also is called Pareto
optimal solution.

Definition 4. A feasible vector solution Xp, 77 to the problem (3.1a)-(3.1k) is a strongly
efficient solution if no other feasible solution Xp, 1,1 exists satisfying Z(Xp1r) < Z(Xpi1r)
and Z(XR]’T) 75 Z(XP,I,T).

Remark 2. In practical report of POs only the strongly efficient solutions should be
mentioned, and the weakly POs should be filtered out.

Definition 5.  The vector Zi = (Ziime, Zeost) is lexicographically smaller than Zs =
(zfme, zfost) with respect to the first entry and denoted by Z; <1 Z» provided that z};,,. <
2% me- Similarly, Z; is lexicographically smaller than Z» concerning to the second entry and
denoted by Z1 <2 Zo provided that zl,,, < 22,:.

Definition 6. The minimum lexicographically solution from the design concerning to the
ith entry is denoted by Zj.., i =1, 2.

The set of PO solutions can be divided into two primary sets: boundary and interior
solutions. This categorization has been discussed in Przybylski et al. [21]. The
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boundary PO solutions are connected by a line and act as a delimiter for the solution
points within the design space.

e The set of all PO solutions related to a weighted single objective function
min{a1 Z1 + asZs|lan + ag = 1, ap > 0, as > 0} subject to the
given constraints is called supported PO solutions and are denoted By Sg =
{Zsys s Zss }-

e Two PO solutions Zy, = (2}, 2ips) and Zy, = (2,0, 2255,) from the set Sp
are adjacent provided that

1. Zs, <1 Zs; and Z; <2 Zs,
2. there is no Z;, € Sg so that Zs, <1 Zs, <1 Zs; and Zs, <2 Zs, <2 Zs,.

e The set of all PO solutions not included in Sg is called the set of nonsupported
efficient solutions and denoted by NSg = {Z,s,, .., Znsf, }.

e In Fig (4.2).b, the two circle points marked by red color together with two circle
points marked by blue color are supported PO solutions, while the uncolored
circles inside the triangles are nonsupported PO solutions.

4. A dichotomic two-phase solution approach

This section, we explain the proposed methodology to choose the best candidate
among the available CSPs where the two-phase dichotomic algorithm for the given bi-
objective problem formulation is detailed. In phase 1, we propose a dichotomic scheme
where the weights of the execution time (3.1a) and paid cost objective functions (3.1b)
are calculated recursively. Next, in phase 2, the set of all interior PO solutions is
introduced.

4.1. Phase 1

In the first phase of the dichotomic two-phase algorithm, the supported PO solutions
are determined by initially considering the two supported optimal lexicographically
POs, Z}, = (2fimes 2oost)s 22w = (22mes 22,51). To obtain Z1  we solve the objective
function (3.1a) together with constraints (3.1¢)-(3.1k), the solution of this problem
yields z};,,. and z},,, and thereby Z} . Similarly to obtain the Z7_ we solve the
objective function (3.1b) with constraints (3.1¢)-(3.1k), the obtained solution yields

22 e and 22, and thereby Z7 . Next, the normal vector, a(Z},,, Z2,) = (a1, az),
to the line connected two Lex1cographlcally POs, Z!  and Z2 , is determined where
arp =2} — 22,5 and ag = 22—z} . Then the problem BO-P2, (4.1),

BO-P2: minZ = 1 Z¢ime T Q2Zc0st (4.1)
st (3.1¢) — (3.1k)
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is solved. Indeed, we replace the original problem BO-CSP with a newly weighted
single objective function. Whenever a new supported PO solution Z;,; is ob-
tained between two existing PO solutions leew and Zfex, we update the set Sp =
{Z} .. Zint, Z% .}, as shown in part a of Fig (4.2). The adjacent members of the set
Sg are then determined based on a lexicographically increasing order concerning the
Ztime component, where all members of the set Sg are strong PO solutions.

Next, we proceed to new adjacent solutions to find the newly possible existing sup-
port PO solutions. Therefore, the supported PO solutions between pairs Zz Zint,
and th,Zl(,T is sought. When a newly supported PO solution is obtained, then
it is inserted between its two adjacent. This iterative method is followed up while
a new PO solution is not generated The final supported PO set is denoted by
S =AZiew Zints - Zings Zitw

rithm to identify the nonsupported PO solutions.

ex’

}. Next, we proceed to Phase 2 of the two-phase algo-

4.2. Phase 2

Phase 1 generates all supported PO solutions. Then, in Phase 2, the set of all non-
supported PO solutions NSg is generated by using the solutions obtained in phase 1.
The nonsupported PO solutions are sought within the triangle region comprised by
two adjacent members of the set Sg. Let Zs, = (27}, Zoast) A Zg, = (212105 Zolst)
be two adjacent belong to the set Sg where Z;, <1 Z;, and Z,, <2 Zs,, see part b of
Fig (4.2). To seek the triangle regions, three new constraints, including (4.2a)-(4.2¢),

are added to the set of constraints (3.1¢)-(3.1k), see part a of Fig (4.2).

S1 . S2
Ztime < Ztime < Ztime (423’)
(‘ost < Zeost < Z('oet (42b)
. — 51
ztlme(zcost Zcost) + ZCOSt(thme ztime) thme cost + zcostztzme > 0. (420)

Definition 7. Let Z; and Z2 be two adjacent PO solutions of the set Sg, then the set
of all solutions satisfying at constraints (4.2a)-(4.2c) is defined as the triangle of Z; and Z»
and denoted by Tr(Z1, Z2).

Then all obtained PO solutions within a triangle are cut off by adding some more
constraints. Let X p1,7 be a feasible vector solution within the selected triangle in
Phase 2. We set constraints (4.3) by choosing {p,i,t}s from the vector Xp;r that
are equal to one and denote them as X}D, 1,7 By adding constraints (4.3) the current
obtained nonsupported PO solution within the selected triangle drops out from the
feasible region.

Ny,

P T
Z Z Xpie <|Xprrl—1, (4.3)

p=1i=1 t=1
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Figure 1. (a) illustrate obtaining support PO solutions and (b) illustrate obtaining the non-
support PO solutions.
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time time

(@) (b)

Figure 2. (a) shows the triangle region related to constraints (4.2a)-(4.2c) and (b) shows two
adjacent triangle regions sweeping by constraint cut (4.3).

where | X} ; | denotes the number of components of Xp; . Constraints (4.3) are
recursively added to the feasible region of constraints (3.1c)-(3.1k) until there is no
generated new nonsupported PO solution, see part b of Fig (4.2). Then, the set of
nonsupported PO solutions is denoted by NSg = {Z}LSC7Z,%SE, o, 2}, see part b
of Fig (4.2).

In Fig (4.2), phases 1 and 2 of the proposed dichotomic method are illustrated. In
part a of Figure 1, two lexicography PO solutions are marked with red circles. Subse-
quently, a new supported PO solution may be generated by searching in the original
feasible region solution of the constraints (1c)-(1k). This new solution is represented
by a light blue marked circle in Fig (4.2) part a. After determining all supported
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PO solutions in phase 1, some triangle regions that may contain nonsupported PO
solutions are identified by utilizing constraints (4.3), as shown in part b of Fig (4.2).
Algorithm (1) provides the steps of phase 1 in detail in which all supported PO
solutions are found.

Algorithm 1 phasel of the dichotomic algorithm

Input: The two lexicographic optimal solutions .
Output: The set of all supported PO solutions.
Let ZL = (2lmer 2lost) and Z2 = (2%, 22,5,) be two Lexmin PO solutions where Z\
ZZQEI and Zl2612 =2 leez'
Set Z1 « ZL, Zs <+ Z2, and Zneat < Za.
Set S = {Zl,Zg}
if Z1 = Z5 then
The PO solution is unique; stop.
else
Let o = (a1, a2) be the normal vector to the line connecting Z; to Za.
Solve problem (4.1) by using c.
Let Z(a) = a1 Ziime + @2 Zcost be the obtained optimal solution.
if Z(a) < Z1a1 + Z2as then
Z1 <+ Z1 and Za <+ Z(&), Znewt < Z2
Zi, + Z(a) and i i+1
Set Sp = Sg U {Z;Lnt}
else
if Znext # Z2 then
Zl «— Z2 and Z2 < Znext

<1

else
Stop, return Sg = {71, Zilnt, e, ZT0,, Z2} as the supported PO solution set.
end if
end if
end if

Next, we apply the set Sg to locate the non-supported PO solutions. We examine
adjacent solutions from the set Sk that form a triangle, as indicated by constraints
(4.2a)-(4.2¢) and represented in Fig (4.2) part b. Algorithm (2) depicts phase 2 of the
two-phase algorithm used to identify nonsupported PO solutions within the triangle
formed by members of Sg. The flowchart (3) provides an overview of the entire
dichotomic algorithm, including phases 1 and 2 of solution approach.

4.3. Computational complexity and alternative methods

The computational complexity of the proposed dichotomic algorithm and some al-
ternative methods for binary bi-objective problems is an important consideration,
especially for solving large scale problems. Since the single combinatorial objective
function are N P-hard [18, 23], inherently the binary problems defined by objectives
(3.1a) and (3.1b) under the common constraints (3.1¢)-(3.1k) are N P-hard, then the
corresponding bi-objective problem is also N P-hard. Note that, here the coefficient
matrix (3.1¢c)-(3.1k) in the constraint of preposed model is not totally unimodular;
therefore, the binary model would not be reduced to a continuous one. However,
Some classical models reduce the computational effort and run time to solve large-
scale binary combinatorial optimization problems effectively. For example, branch



A.H.S. Razavi, et al. 13

Algorithm 2 phase2 of the dichotomic algorithm

Input: The set of all supported PO solutions.
Output: The set of all nonsupported PO solutions.
Let Sp ={Z1, Zilnt"'Z«mt’ Z>} be the set of all supported PO solutions.
Let Tr = {Tr1, ..., Trm+1} be the set of all triangles of adjacent members of Sg.
Let NSg = {} be the set of all nonsupported PO solutions.
forn=1,...m+1do
Let Z,, and Z,,4+1 be two adjacent members of the set Sg.
Solve problem (4.1) by using &(Zn, Zn+1)
Let Xg,I,T and X771 be the related vector solutions corresponding to Z, and Z, 1.

P,1,T
n,l n+1,1 . . . n n+1
Let XP,I,T and XP,I,T be the set of indices (p, ?,t) where Ty and T, .} are equal one.

Add two following cut constraints to the problem (4.1) and call the new broblem BO-P2,

N"YL 1

20D i SIXpr ol -1
p=1i=1t=1

P Ny, T

1,1
D22 wpae SIXEr -1
p=11i=1t=1
Solve the problem BO-P2 > Iteration step

if The problem BO-P2 is infeasible then
stop and return the set of nonsupported PO solutions within triangle n.
else
Let XpJ’T be the optimal Solution to the problem BO-P2.
Set NSgp = NSg UXP,I,T
Add the cut constraint (4.3) related to Xp 7 to the problem BO-P2.
end if
Go to iteration step.
end for

Get the input
parameter Determine Z,, Determine Zf,,

and Z;, coincide?

Solve the
problem phase
(1) by using the
problem BO-P2

Solve the problem
phase 2 by using
problem (2)

Add the
obtained PO

solution to the
set S¢

Isanew
solution
obtained?

Add constraints
(4) to the
problem BO-P2

Return all
Pareto

optimal

solutions set

Add the obtained Areall Yes
PO solution to triangles
the set N, Sought?

Figure 3. The flowchart illustraing the dichotomic algorithm.

and bound [15], heuristics and meta-heuristics [11], evolutionary techniques [17] and
neural networks [25] are some well-known methods to tackle these problems. Fur-
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thermore, binary bi-objective optimization is more challenging topic, particularly for
large scale problems. Some classical methods to deal with bi-objective optimization
problems include,

1. The e-constraint method that converts one objective into constraints and opti-
mizes the other objective. The e parameter defines the allowable level for the
objective constraint, see Bérubé et al. [4]. This method needs o(kN,]) time
complextiy, where k is the number of € values and N, is time run to solve single
objectives, see [4].

2. Branch and bound algorithms that divide the problem into some smaller prob-
lems (branching) and eliminate some unnecessary sub-problems (bounding), see
[2, 19]. In worst case branch and bound needs o(2") run time, where n is number
of variables, [27]

3. Rectangle splitting that iteratively divides objective space into hyper rectangles
by eliminating dominated regions, see [19]. This method is doubly exponential
in running time since O(kTs,) computational effort is needed, where k is the
number of POs and Ty, is the time to solve the single objective optimization
problem, see [19].

4. Two phase dichotomic binary optimization method that in phase 1 seeks all
supported solutions, and in phase 2 seeks all non-supported solutions in triangles
between supported solutions [21]. The computational run time here is o(Ts, +
T,s.), where Ty, is the run time to map out the triangle corresponding to
supported points and T, is the run time to search within triangles to find the
non-supported POs. This algorithm is fast in phase 1 but heavy in phase 2.

In this research, we employed the dichotomic solution approach due to its complete-
ness and constructing corresponding weights to help the decision maker to choose
some preferred PO solutions.

5. Experimental analysis

This section verifies the efficacy of the proposed methodology, using some real-world
datasets. Some standards VMs were selected from three CSPs including Google,
Microsoft Azure and Amazon. The necessary data has been inserted in Table (6).
The two-phase bi-objective algorithm has been implemented in Python version 3.9.1
using the Pyomo optimization modeling language and GLPK software package.

Example 1.

In this example, we examine the data of Amazon cloud service taken from the URL
address https://aws.amazon.com/, and given in Table (6). The minimum required
power is G = 440 core, the minimum required disk storage is D, = 250, the
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(a) (b)

Figure 4. (a) The supported PO solutions and (b) The supported and nonsupported PO solutions for
Example (1)

minimum required memory is M, = 100, the total available paid cost is Ciora; = 24,
the maximum available execution time is T' = 12, the number of each kind of VMs is
I =5, and the maximum number of available V Ms is N,, = 18.

1. The initial minimum lexicographically PO solutions are obtained at leew =
(22.29,6) and Z2, = (16.88,11). Indeed, the minimum execution time is z},,,, =
6, while its related paid cost is z},,, = 22.29. Besides, the minimum paid cost

is 22, = 16.88, while its related execution time is z2,,, = 11.

2. Next, in phase 1, all supported PO solutions, including (17.41,10), (19.30,8),
(20.51,7) are obtained. Indeed the set of supported PO solution is

Sk = {(16.88,11), (17.41, 10), (19.30,8), (20.51,7), (22.29,6)},

see part a of Fig (4).

3. At last, by using phase 2 of the two-phase algorithm all nonsupported PO
solutions have been obtained. The set NSg = {(17.05,11), (18.47,9)}, see part
b of Fig (4).

4. The set
SpUNSE = {(16.88,11), (17.05,11),(17.41, 10), (18.47,9), (19.30, 8), (20.51,7), (22.29,6) },

includes all PO solutions. Here, (17.05,11) is a weak PO solution, obtained
in phase 2, within triangle Tr;. From a theoretical standpoint, we generate
all weakly Pareto optimal solutions; however, from a practical perspective, the
weakly PO solutions should be filtered out.. Also, the nonsupported PO solution
(18.47,9) is within triangle Tro. The other triangles have been sought, but there
are no PO solutions within them.
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[ Different values for the required graph processor and the obtained PO solutions ]
[ 380 385 390 395 400 405 410 ]
[GP 0.7GP GP 0.7GP GP 0.7GP GP 0.7GP GP 0.7GP GP 0.7GP GP 0,7GP]
(17,7) (26,7) [ (17,7) (26,7)|(18,6) (27,7)](18,7) (27,7) [(18,7) (28,6) [(20,4) (28,7) [(21,3) (29,6)
(18,5) (27,5) | (19,4) (28,4) | (19,4) (28,5) |(20,3) (28,5)|(20,4) (28,7)|(22,2) (29,5) |(22,2) (30,4)
(20,2)) (28,4) | (21,2) (29,3) |(20,3) (29,3) [(21,2) (30,3) | (21,3) (31,3) (31,3) (31,3)
(21,2)" (29,3) (21,2) (22,2)

Table 4. The POs of dataset in Table (6) vs scenario with GP values reduced by factor 0.7.

5. Note that the execution time value is integer, and in phase 1, the supported
PO solutions have been found at execution times, {6,7,8,10,11}. The only
remaining execution time between 6 and 10 is 9, which has been found at PO
solution (18.47,9).

Next, to provide a sensitivity analysis, we consider data of the Microsoft Azure cloud
taken from the URL address https://azure.microsoft.com/en-us given in Table (6).
However, the value of graph processor G,,;, has been increased from 380 to 410
by step-size 5. The set of all PO solutions with their related objective values have
been reported in the first part of Table (4). To compare the results in a table, we
restricted the cost values to integer numbers. The obtained solutions are inserted
lexicographically concerning to the paid cost and execution time objective values in
Table (4). As the value of G,,;,, increases, their related PO solutions in both objectives
criteria, including paid cost and execution time, increase. For example, the solution
(18,5) is PO solution related to the value G,,;, = 380. While the PO solution (18, 6)
is related to the G, = 390, and (18,7) is related to the G = {390, 395,400}.
Indeed, when G,,;, increases, both the values of cost and time increase or remain
unchanged.

Then to evaluate the effect of decreasing the graph provided processor (GP) by the
selected cloud, Microsoft Azure, we multiplied the column with the headline graph
processor of Table (6) by coefficient 0.7. The obtained results are inserted in the
second part of Table (4). Comparing the results of the first and second parts of Table
(4) reveals the cost objective values considerably are increased while the changes in
execution time are insignificant. However, the obtained PO solutions in the first part
of Table (4) are dominated by the PO solutions of the second part and are more
efficient.

Example 2.

In this example, we compare three CSPs, including Google, Microsoft Azure,
and Amazon, based on several standard VMs listed in Table (6). We
gathered the necessary data from URL addresses https://cloud.google.com/,
https://azure.microsoft.com/en-us and https://aws.amazon.com/. To ensure a fair
comparison of the proposed VMs by these CSPs, we evaluated their performance un-
der similar conditions, using the data presented in Table (6). The obtained results
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are authentic only for these selected VMs. Four scenarios are considered in Table (5)
where the results for different values of total permitted paid cost (Ciotar), number of
used VMs (N,,), minimum required memory (M,,;,) and minimum necessary of disk
storage (Dy,in) have been compared. In the case, where only there is a single PO
solution, we report their related weight as unique in Table (5).

Scenario 1. First, we compared the solutions by increasing the total paid costs,
where the upper value for the paid cost is taken from the set Ciorq; = {16, 17,18, 20}.
As Ciotar increases in constraint (3.1¢) the minimum execution time in constraint
(3.1h) either decreases or remains unchanged, since the variation of efficient VMs
increases. Therefore, higher performances are delivered for the requested tasks.
Scenario 2. In the second case, we examine the variations of PO solutions for the
number of admitted V Ms in constraint (3.1g). We considered three cases where N,
was set to {9, 13,17}. By increasing the values of N,,, the payment costs and execution
times appear more efficient values or at least remain unchanged.

Scenario 3. In the third case, the results with different values of requested
memory are compared. We increase the values of requested memory by M,,;, =
{150,200, 250, 300, 350}, see the third part of Table (5). When the values of re-
quested memory related to constraint (3.1f) increase efficiency of the PO solutions
decreases. Indeed, the values of paid cost and execution time increase or at least
remain unchanged.

Scenario 4. In the last case of Table (5), we compared the results with respect to
the requested disk storage. Here, the values of requested disk storage are D, =
{250, 300, 350,400}. Again the sensitivity analysis indicates as the values of minimum
requested disk storage increases, then the efficiency of the PO solutions decreases.

6. All PO solutions and their related weights

Using the proposed two-phase dichotomic method, all supported and nonsupported
PO solutions, as well as their related weight vector a is obtained. Furthermore,
all intervals of weights related to zijme and zqos: are determined, and their related
PO solutions are obtained. Indeed, in the dichotomic proposed method, first, two
minimum lithographically PO solutions are obtained, where their related weights are
(1,0) and (0,1). Then the others supported and nonsupported PO solutions with
their related weight vector are determined. If we set the supported PO solutions
where adjacent solutions are next together, then the intervals of weights are obtained.
To find the intervals where PO solutions are optimal, we consider two adjacent PO
from the set Sg and determine the normal vector connecting these adjacent supported
) with a;, = (a7", a3') and

s = (@3 a3
Then Z(a) would be

; ; — (S0 85

PO solutions. For example, consider Zs, = ()}, Zeost
_ Sit+1 Si+1 Si+1 Si+1

ZSi+1 - (ztime’zcost (al 7042 ) and let asu

be the normal vector to the line connecting Z,, and Z;,_,.

) with a,, =



18 Bi-objective resource allocation for cloud service providers

Table 5. The POs and their related weights for different scenarios in Example (2)

[ G min = 400, Myin =100, Dpin=150, Ny, = 17, I =5, T = 10 |

[CSP [Microsoft Azure [Google [Amazon |
solution « [solution o [solution o |
Ctotar = 16 [(15.87,10) unique (13.40,2) unique|Inf -
(15.87,10) (1,0) (13.40,2) unique|(16.13,10) (1,0)
Ctotar = 17 |(16.42,9)  (0.65,0.35) (16.61,9) " (0,1)
(16.98,8) (0, 1)
(15.87,10) (1,0) (13.40,2) unique|(16.13,10) (1,0)
O _1g |(16.42,9) (0.65,0.35) (16.61,9)  (0.34,0.66)
total = (17.17,8) (0.65,0.35) (17.13,8) (0,1)
(17.51,7) (0,1)
(15.87,10) (1,0) (13.40, 2) unique| (16.13,10) (1,0)
(16.98,8)  (0.65,0.35) (16.61,9)  (0.66,0.34)
O _gp |(17:54,7) (0.63,0.37) (17.13,8)  (0.60, 0.40)
total = (18.29,6) (0.60, 0.40) (18.25,7) (0.60, 0.40)
(18.90,5)  (0.60, 0.40) (19.71,6) (0,1)
(19.50,4) (0,1)
(18.22,10) (1,0) Inf - (19.41,10) unique
(18.55,9)  (0.75,0.25)
Ny =9 (19.05,8) (0.71,0.29)
(19.49,7) (0.71,0.29)
(19.79,6) (0,1)
(16.85,10) (1,0) Inf = (17.62,10) (1,0)
(17.74,8) " (0.66,0.34) (18.12,9) " (0.64,0.36)
Na =13 |(18.43,7) (0.66,0.34) (18.75,8) (0.57,0.43)
(18.88,6) (0.66,0.34) (19.94,7) (0,1)
(19.50,5) (0,1)
(15.87,10) (1,0) (13.40, 2) unique| (16.13,10) (1,0)
(16.98,8)  (0.65,0.35) (16.61,9)  (0.66,0.34)
0 7 |(7:54,7) (0.63,0.37) (17.13,8)  (0.60, 0.40)
m = (18.29,6) (0.60,0.40) (18.25,7)  (0.60,0.40)
(18.90,5) (0.60,0.40) (19.71,6) (0,1)
(19.50,4) (0,1)
(17.36,8) (1,0) (13.40,2) unique|(17.13,8) (L, 0)
(17.73,7)  (0.73,0.27) (18.25,7)  (0.58,0.42)
Mumin = 150 (18.29,6) (0.63,0.37) (19.71,6)  (1,0)
(18.90,5) (0.63,0.37)
(19.50,4) (0,1)
(18.29,6) (1,0) (13.40, 2) unique|(19.24,7) (1,0)
Myin = 200 (19.50,4) (0,1) (19.71,6) (0,1
o (18.90,5) (1,0) (13.40,2) unique|Inf
Mumin = 250119 507 4)  (1.0)
Mnin = 300[(19.50,4) unique (13.4,2) unique|Inf -
Mpin = 350[(19.92,4) unique (13.4,2) unique|Inf -
(16.65, 10) (1,0) Inf (16.13, 10) (1,0)
(16.70,9)  (0.75,0.25) (16.61,9)  (0.66,0.34)
Domin = 250 | (17.17,8)  (0.65,0.35) (17.13,8) (0.51,0.49)
(17.73,7)  (0.65,0.35) (18.25,7)  (0.51,0.49)
(18.29,6) (0.65,0.35) (19.71,6)  (0,1)
(18.90,5) (0.62,0.38)
(19.50,4) (0,1)
(17.18,8) (1,0) Tnf - (16.13,10) (1,0)
(18.29,6) (0.65,0.35) (16.61,9)  (0.68,0.32)
Diymin = 300 | (18.90,5) (0.65,0.35) (17.13,8) (0.50,0.50)
(19.50,4)  (0,1) (18.25,7)  (0.42,0.58)
(19.71,6)  (0,1)
(a7.73,7) (1,0) Inf - (16.13,10) (1,0)
Dmin = 350 | (18.29,6) (0.63,0.37) (16.64,9)  (0.68,0.32)
(18.90,5) (0.62,0.38) (18.13,8) (0.50,0.50)
(19.50,4) (0,1) (19.71,6) (0,1)
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represented as follows

Zs, if a7 <ag; <af and oy <ag < apttt!
Z(a) _{ Sq 1 — — 1

Zgy i o) <ap <ol and a7 <ap <oyt
For example, consider the row with row-head D,,n = 300 of
Table (5). Here, five supported PO solutions including Sp =

{(16.13,10), (16,61,9), (17.13,8), (18.25,7),(19.71,6)} have been obtained, and
their related weights are {(1,0), (0.68,0.32), (0.5,0.5), (0.42,0.58), (0,1)}.

(16.13,10) if 068 <a; <1 and 0<ap <0.32
(16.61,9) if 0.65 <@ <0.68 and 0.32 < ay <0.35
Z(a) =< (17.13,8)  if 047 <y <0.65 and 0.35 < as < 0.53
(18.25,7) if 0.4 <a; <047 and 0.53 < a3 <0.6
(19.71,6) if 0<a; <04 and 0.6 <ay <1.

6.1. A brief discussion in obtained solutions:

The results indicate that the main difference between this work and previous research,
as discussed in section (2), is our approach of determining all PO solutions and ob-
taining their related weights. In contrast, other researches have used parametric
bi-objective methods where fixed weights are assigned to the objective criteria, trans-
forming the bi-objective problem into a single-objective problem. For instance, in the
works of Coutinho et al. [8], Coutinho et al. [9], only a limited set of weights, such as
{(1,0),(0.5,0.5),(0,1)}, were assigned to the objectives criteria, while other potential
weights were neglected. Our approach, on the other hand, introduces all PO solutions
and their related weights, resulting in a more comprehensive analysis. Therefore, the
key distinction between our work and previous researches is our method of explor-
ing the entire range of weights rather than relying on a limited set of predetermined
weights. This enables us to gain a better understanding of the trade-offs between
different objectives and identify the optimal PO solutions.

7. Conclusion and future works

In this paper, we considered a CSP selection where some VMs are employed to con-
duct the user requests workloads. A bi-objective integer linear programming has
been formulated to determine all PO solutions as well as their related weights. In-
deed, to find the PO solutions there are two main approaches including parametric
and dichotomic methods. In implementation parametric methods some weights for
objectives criteria are given then the related PO solutions are obtained. But in the
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proposed dichotomic methods by determining two minimum lexicographically PO so-
lutions, recursively related intervals for weights, and all PO solutions are obtained.
In this paper, we applied an exact dichotomic method for selecting some VMs from
a set of some candidate CSPs to explore the design space of two objective criteria
including execution time and paid costs. Besides some customers’s requirements are
met by related tight constraints. The validity of the proposed bi-objective model
as well as its solution approach is verified by some provided experimental results.
For future work, one could focus on bi-objective FCs that allow for obtaining services
from multiple CPS. Additionally, exploring PO solutions in cases where three or more
objective criteria are evaluated would be an intriguing research topic.

8. Technical Comment Report

In this paper, we investigate a bi-objective cloud computing provider selection problem
that considers two contrasting combinatorial objective functions: minimizing execu-
tion times and paid costs. To address this problem, we propose an efficient dichotomic
solution approach to provide solutions for all PO alternatives. The main contribution
of this paper lies in formulating a bi-objective problem for cloud service providers
CSPs that helps users select the most suitable CSP based on their available budget
and limited execution time. Additionally, our proposed two-phase dichotomic method
ensures the identification of not only a few, but all possible PO solutions. Overall,
this research presents a novel approach to tackle the bi-objective cloud computing
selection problem and offers valuable insights for users in making informed decisions
while considering their budget constraints and time limitations.

Conflict of Interest: The authors declare that they have no conflict of interest.
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Appendix A: The initial data

This appendix provides the initial data for the three CSPs: Microsoft Azure, Google
Cloud, and Amazon, see Table 6. For Microsoft Azure, 9 standard VM types were
selected; for Google Cloud, 5 types; and for AWS, 7 types.

Table 6. Data for Amazon, Microsoft Azure and Google clouds

Data for Amazon cloud
V M’s name |Graph processor (GP) g, |Memory my, | Disk storage d;, | Cost cp

T2.NANO 1Core 0.5GB 20GB 0.0081
T2.MICRO 1Core 1GB 40GB 0.0162
T2.SMALL 1Core 2GB 60GB 0.032
T2.MEDIUM 2Core 4GB 80GB 0.0644
T2.LARGE 2Core 8GB 160GB 0.1208
T2.XLARGE 4Core 16GB 320GB 0.2266
T2.2XLARGE 8Core 32GB 640GB 0.4332

Data for Microsoft Azure cloud
V M’s name |Graph Processor (GP) g, |Memory my | Disk Storage dj, | Cost ¢,

Bls 1Core 1GB 4GB 0.016

B2s 2Core 4GB 8GB 0.058
Blms 1Core 2GB 4GB 0.029
B2ms 2Core 8GB 16GB 0.107
B4ms 4Core 16GB 32GB 0.214
B8ms 8Core 32GB 64GB 0.429
Bl12ms 12Core 48GB 96GB 0.643
Bl6ms 16Core 64GB 128GB 0.858
B20ms 20Core 80GB 160GB 1.072

Data for Google cloud
V M’s name | Graph processor (GP) g, | memory m,, | Disk storage dj, | Cost ¢,

e2-standard-2 2Core 8GB 10GB 0.067006
e2-standard-4 4Core 16GB 10GB 0.134012
e2-standard-8 8Core 32GB 10GB 0.268024
e2-standard-16 16Core 64GB 10GB 0.536048

e2-standard-32 32Core 128GB 10GB 1.072096
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