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Utilizing cloud computing to harness its advantages by optimizing different parameters to
accommodate evolving needs is a formidable challenge. The efficient allocation of tasks to virtual
machines (VMs) and VMs to physical machines (PMs), referred to as VM placement, is essential
for enhancing energy efficiency and resource utilization. In earlier works, the allocation of VMs
into PMs has been studied through various nature-inspired algorithms, decision-based algorithms,
ML-driven algorithms, etc. Over the years, new algorithms are constantly being developed to
enhance the quality of the optimization task, whether the objective is single or multi-objective. This
paper compared Ali Baba & the Forty Thieves (AFT) algorithm with previously implemented
techniques for multi-objective optimization for VM placement and allocation.
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1. Introduction

Appropriate allocation of Virtual Machines (VMs) in a cloud server is not a new challenge
today. Numerous researchers have worked towards creating an optimal allocation strategy
where the intention has been to maximize the utilization of resources and cost savings with
minimum power consumption. These strategies can be exact algorithms such as
mathematically modeled or decision-based algorithms. They eventually turned out to be
ineffective when the number of constraints increased over time. The objectives of higher
dimensions could not be solved using these systems of optimization. Hence, people started
moving towards approximate algorithms and today most of the work for multi-objective
optimizations (MOO) is being carried out using these approximate algorithms, where we try
to find a near-optimal solution within a reasonable period. Fig.1 shows an allocation of VM
allocation to the PMs where there are 5 PMs <si, Sy, Ss, S4, S5> Where s; allocates <VM1,VM,,
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VM3, VM7>, s; allocates <VM4, VMs, VMg, VMgo> | ss allocates <VMs, VM1, VM11, VM 12>,
sz and s4 are unused PMs (Patra et al., 2022)
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Fig. 1. Allocation of virtual machines (VMs) into Physical Machines(PMs)

Authors (De et al.,2023) have created a system that employs predictive analytics to predict the
future requirements of resources and allocate the VMs based on ML techniques. In
(Madhumala et al., 2019) the authors surveyed various nature-inspired algorithms for VM
allocation using Ant Colony Optimization, Particle Swarm Optimization, Genetic Algorithm,
Flower Pollination Algorithm, Fruit Fly Algorithm, and Honey Bee Algorithm respectively,
however, there are no quantitative results discussed in this work. Authors (Mann et al., 2017)
have provided us with an environment and methodology for comparison of VM allocation
algorithms and have compared 7 different algorithms using the proposed scheme. Whale
optimization GA has been used by the authors (Saxena et al., 2021) to carry out the VM
Placement task. In (Ma et al., 2022) the authors have provided us with an exhaustive list of
511 nature-inspired algorithms from which we can have an insight into how often an algorithm
is used, based on different contexts.

Authors (Li et al., 2020) have used particle swarm optimization (PSO) for adaptive
management and MOO of VM in cloud computing. Authors (Braiki et al., 2018) have also
used the PSO technique giving us more optimized results for the number of PMs, their
balanced utilization, and energy consumption. A hybrid model of both PSO and Flower
Pollination Optimization (FPO) has been leveraged by the authors (Mejahed et al., 2022) to
address the same VM allocation task. PSO has been compared with Genetic Algorithms (GA)
(Choudhary et al., 2022) where the authors concluded PSO to be superior to GA in VM
placement. Using logistic mapping sequences in the solution, an updated version of PSO
named Chaos PSO has been used (Xu et al., 2018) to address the multi-objective optimization
problem.

Having discussed the drawbacks of exact algorithms and the benefits of approximate ones as
their alternative, the approximate algorithms can be classified into heuristic and meta-heuristic
algorithms. Heuristic algorithms are designed and used for specific purposes and hence by
nature are rigid when it comes to application in other domains. On the other hand, meta-
heuristic algorithms are generic ones that are by nature flexible and designed to be used in any
given context. Most of the modern nature-inspired algorithms are considered to be meta-
heuristic algorithms (Askari et al., 2020). Now based on the number of solutions at each
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iteration, these generic algorithms can be further classified into individualistic or single
solution-based meta-heuristics such as integer programming (Glover, 1986) , Guided Local
Search (Voudouris et al., 2010) etc., and collective or population solution-based meta-
heuristics such as genetic algorithms (Holland, 1075) differential evolution algorithm (Storn
et al., 1997), etc. The population-based- metaheuristics can be further classified into
physics/chemistry-based algorithms, evolutionary algorithms, swarm-based algorithms, etc.
These swarm-based algorithms can then be further classified into human-related and non-
human-related algorithms. This classification can go on endlessly based on certain criteria, but
that’s not what we are concerned about over here.

In this work, we have discussed one such meta-heuristic optimization algorithm — the Ali Baba
& the Forty Thieves (AFT) (Braik et al., 2022) and compared that with previously

implemented algorithms in the context of multi-objective optimization for the optimal
placement of VMs.

The format of article is organized in this manner. Section 1 serves as an introduction; Section
2 provides Ali Baba & The Forty Thieves algorithm. The mathematical modeling is covered
in Section 3. The Multi-objective problem formulation and the AFT and multi-objective
optimization is presented in Section 4 and section 5 respectively. The results and discussion is
presented in section 6. Finally section 7 concludes with future research.

2. Ali Baba & The Forty Thieves Algorithm (AFT Algorithm)

This algorithm was initially developed for addressing single objective optimization tasks.
Inspired by the tale of Ali Baba and the Forty Thieves (Braik et al., 2022) , this aims to find
the position of Ali Baba inside his cave. This search is iteratively performed by a group of 40
Thieves, where the solution found in the i iteration is reinforced after the i+1" iteration. This
reinforcement is carried out based on the collective actions of the thieves (also referred to as
the population). A counter agent called Morgiana tries to limit this population from finding
Ali Baba. The search space corresponds to the place where Ali Baba resides.

2.1. The Tale

As per the tale, the assistant leader of the population disguises himself as a tourist and
somehow manages to identify the house of Ali Baba and marks his door with a cross sign. As
a counter to this, Morgiana marks the door of all the neighboring houses with similar crosses.
Similar successive attempts were made to identify the house of Ali Baba and kill him to acquire
back the treasure (Mansour, 2008). This analogy demonstrates the exploration and exploitation
aspects of the work in consideration, in which attempts are being made to enhance the
previously discovered solutions.

In the final attempt, the chief of the population himself visits and identifies the house and
observes the door of the house in detail so that he won’t miss identifying it next time. Having
done this, he buys 40 empty barrels along with 40 mules and visits Ali Baba during the night
as an oil trader seeking shelter. He fills one barrel with oil and the rest of the barrels are
occupied by the thieves and put behind his house. On observing a finger ring, similar to the
ones in treasure in the hands of the trader she secretly investigates the barrels and finds out the
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thieves inside them. This leads her to empty the oil barrel, heat the oil, and pour it onto the
other barrels consisting of thieves to kill them and counter this attempt as well. This attempt
signifies persistence as a trait for an efficient search algorithm.

2.2.  AFT Algorithm

Imitating the tale described in the previous subsection, the aim is to mathematically model
human actions into computation tasks based on the following assumptions:

1. n thieves work in a group to determine the position of the residence of Ali Baba, where
n = 40.

2. An initial distance needs to be covered by these n thieves, to locate the house of Ali
Baba.

3. An agent, Morgiana acts as an agent to divert the thieves and prevent them from

reaching Ali Baba.

The meta-heuristic algorithm is thus framed by mapping the behavior of the thieves and
Morgiana to an objective function, which needs to be optimized in our case.

3. Mathematical Modelling

The concept and ideas discussed in the previous section start with an initialization similar to
that of other optimization techniques, followed by iterations and updations.

3.1. Initialization

The position matrix t, of n thieves is randomly initialized in d-dimensional space.

TiTh. T
T T, .T, )
MO M
T LT
The initial position of thieves is generated as
T'=I,+r(u; -1, )
Where,
. t'is the position of the i*" thief.
o lj & u; are lower & upper bounds.
o r is a random number that ranges from 0 to 1.

The wit level matrix of Morgiana - m is initialized as
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m m; ..m;
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3.2.  Fitness Function
The fitness function for each thief is defined as
AT T
f2 (Tl1 T21 ""le)
MO M
(M T LT

(4)

While simulating this algorithm, the quality of each solution corresponding to each thief is
evaluated and updated, if the current solution is better than the previous one.

3.3. Cases

Three cases may fundamentally occur during the search process. We need to consider two
factors for this, first is the movement of thieves and second is the diversion created by
Morgiana.

1. Case 1: Ali Baba is successfully tracked down by the thieves. The updated locations
can be expressed as,
i P i i 1
T = 7 +[Td, (best; - y)r, +Td,(y{ ~mi”)r, Jsgn(rand —) (5)
Where,
o g represents the current best position.
o Td is the tracking distance.
o Pp is the perception potential of the thieves.
. mé0 is the Morgiana’s intelligence.

. a=[(n—rand(n,1) |

° rh>0.5

o r2> Ppy
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i i @)
ma® Ttl’. if f(TFI) 2 f(m:' ) ©)
i@ £ (1)< F (i)
Td, = aoe’“l(“ )
(7
Pp, = 4,109(5,(t /1))
8
Where,
L] oo = 1
. Bo=0.1
. o =P1=2
2. Case 2: In this case, the thieves may come to know that they got deceived and start
searching randomly in the search space. The updated locations can be expressed as,
Ty =Td, | (u;—I)rand +1, | (9)
3. Case 3: Considers search in other positions than those obtained using Eqn. 5 from
Case 1, justthat r;< 0.5 & r, < Pp.
Tti+1 = gthSt _[Tdt (beStti - Ytl)rl +Tdt(yti - mta(i))rz}sgn(rand _%) (10)

The pseudo-code for AFT algorithm is shown below:

ALGO: AFT Algorithm

01: u; & I are the upper and lower bounds of the search space in the j dimension
02: Randomly initialize the position, T, of all n thieves in the search space

03: Initialize the best position (best';) and global best position (g**%) for the thieves.
04: Initialize the intelligence degree of Morgiana with respect to all thieves

05: Evaluate the position of all thieves using a fitness function (F(T))

06: Sett«— 1

07: while (i < tmax) do

08: Td, = 1.0 X e~ 20/tme)**

09: Pp; = 0.1 X log (2.0(t/tmae) )

10: fori=1,2,..,ndo

11: if (rand > 0.5) then
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12: if (rand > Ppy) then

13: Use Egn. 5

14: else

15: Use Egn. 9

16: end if

17: else

18: Use Eqgn. 10

19: end if

20: end for

21: fori=1,2,..,ndo

22: Check the feasibility of new positions
23: Evaluate & update thieves’ new position
24: Update the solutions best' and g,
25: Update m#&® using Eqn. 6

26: end for

27: t=t+]I

28: end while

29. END ALGO

4, MOO Problem Formulation

We intend to minimize:

1. Placement Time for the j" VM (T;)

2. Power Consumption (Protar)

3. Resource Wastage (Wrota)

For n PMs and m VMs in consideration [8],
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m m
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(13)

5. AFT in Multi-Objective Optimization

This is an enhanced version of the AFT algorithm. In case of Multi Objective optimizations,
the newly updated state doesn’t always dominate the previous state. Hence, to diversify the
population an addition has been made to it [18]. In cases where the new member doesn’t
member doesn’t have any significant impact over the other, the new member is replaced with
an old one with a certain probability. This ratio is called the randomness factor (Rr) expressed
as,

Rf, = g,g (/im0 (14)
Where,

. 0o is the initial value.

o 01 is a constant affecting the amount of change.

. a=1501=1

. Bo=02,p1=272

o 00=0.35,0,=2

6. Results & Discussion

The algorithm was run for 150 iterations. During the initial iterations a sudden decrease in the
F(T) values was observed, followed by which the decrease in values got stable. After 125
iterations we observed an increase in the F(T) value, where it reached its minimum. Due to
this, we used parameter configurations corresponding to the 125" iteration. The line plot in
Fig. 2 shows the fitness function values with an increasing number of iterations.

Fitness Function vs Iterations

1.4 —e&— AFT Algorithm

0 20 40 60 80 100 120 140
Iterations —

Fig. 2. F(T) vs Iterations
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Compared to previously implemented algorithms, we see a decrease in the value of F(T) =
0.615 after 125 iterations. Fig. 3 shows a comparison of TSO with FPO, HPSOLF-FPO and
PSOLF.

Fig. 4 shows a comparison between the average placement times (in secs) for 2000 requested
VMs. Fig. 5 shows a comparison between power consumed (in kWh) for around 2100
requested VMs. We see a decrease in the values when implemented using the Multi Objective
Ali Baba & the Forty Thieves Algorithm.

Fitness values

0.8
0.7 |
0.6

T 0.51

04
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HPSOLF-FPO PSOLF AFT
Algorithms
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Fig. 3. Comparison of Fitness Values

Average Placement Time

HPSOLF-FPO PSOLF
Algorithms

Fig. 4. Comparison of Placement Times

Power Consumption
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Fig. 5. Comparison of Power Consumption
Nanotechnology Perceptions Vol. 20 No. S12 (2024)



Multi-Obijective Optimization for Optimal... Utpal Chandra De et al. 260

7. Conclusion and Future Work

After implementing the Ali Baba & the Forty Thieves Optimization Algorithm over multiple
objectives namely placement time, power consumption and resource wastage we found out
that it gave us minimized values compared to previously implemented techniques. AFT gave
us a placement time of 0.75 seconds for 20000 requested VMs. It also gave a minimized value
of power consumption of around 512 kWh for 2100 requested VMs. Even though 25 extra
iterations were needed compared to previously implemented algorithms, to find the minima,
the results acquired are comparatively better.

New nature inspired algorithms are being developed every year, which when put to use may
turn out to be beneficial over the other ones. We shall implement other latest algorithms and
compare their efficacies amongst themselves in our future works with an intention to improve
the overall efficiency of the system and minimize the losses.
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