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Cloud computing is one of the widely used technologies due to its advanced
features like pay -per-use, scalability, flexibility, and many more. It initially
aims at fulfilling users’ needs for accessing computing resources and
purchasing cloud services as necessary. This is all done within the
framework of on-demand resource sharing, which is facilitated by internet-
based applications. Efficient resource allocation (RA) in the cloud includes
challenges of high-dimensional state spaces and scalability, as the tasks keep
increasing. To solve this problem, deep reinforcement learning (DRL) with
Taylor-based optimization neighborhood starling murmuration optimization
(TBONSMO) algorithm model is used for RA according to the tasks
efficiently. The integration of DRL with deep neural networks enhances task
scheduling by enabling adaptive and efficient RA. This approach improves
the decision-making processes, optimizes energy usage as well as system
performance in response to varying workloads and operational demands.

optimization The experimental results of the proposed TBONSMO method were
Task scheduling calculated as follows: energy consumption of 30.58 kilo watt per hour and
resource utilization of 99.54%, which is lesser when compared to the
existing deep Q-network (DQN) approach.
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1. INTRODUCTION

Cloud computing is a widely used cutting-edge method to compute and store a huge amount of data
with minimum cost, wherein the data owners utilize their data from the cloud server. Due to the dynamic
environment, the efficient placement/allocation of resources in physical servers is a critical endeavor, which
directly impacts the resource utilization and overall performance of the cloud services [1]. However, when
the user demand for cloud services increases, as well as when the large-scale resources in cloud data centers
experience a significant increase in energy consumption, it results in higher operational costs [2], [3]. The
various resources requested by the users have diverse input/output (I/O), memory, network, and processing
requirements, therefore accordingly the resources are allocated for each task [4]-[6]. As the user demand
rapidly changes, the optimal allocation of resources in the cloud becomes increasingly challenging, which
leads to inefficient resource allocation (RA) and higher energy consumption [7]. To solve these issues, the
resources must be allocated appropriately as per the tasks before they are even processed [8], [9].

The efficiency of cloud computing heavily depends on the task scheduler and how effectively the
tasks are managed for allocating the most appropriate virtual resources [10]. The inappropriate RA also
affects various parameters, such as energy consumption and makespan, leading to more consumption of
energy and higher execution time, thereby impacting the quality of service (QoS) [11], [12]. The traditional
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methods used for RA in the cloud failed to consider the distributed and automated nature of the cloud
environment, which makes the selection of optimal resources in the model difficult. In existing research,
several methods like greedy approaches, approximation algorithms, reinforcement learning, and bio-inspired
optimization algorithms are used for allocating resources according to the tasks. However, these existing RA
algorithms have several limitations that affect the selection of optimal resources with less energy
consumption. Recently, metaheuristic optimization algorithms like particle swarm optimization (PSO), ant
colony optimization (ACO), genetic algorithm (GA), and whale optimization algorithm (WOA), have been
used for RA in the cloud [13]. To ensure energy-efficient resource allocation (EERA) in this research, the
metaheuristic optimization is integrated with a reinforcement learning model to allocate the resources
effectively [14], [15]. However, these existing metaheuristic algorithms face challenges in finding the best
solution due to limitations such as a lack of search diversity and getting stuck in local optima, which greatly
impacts RA. To overcome this problem, a deep reinforcement learning (DRL) with Taylor-based optimization
neighborhood starling murmuration optimization (TBONSMO) algorithm model is proposed to efficiently
allocate resources for the scheduled tasks.

The advantages and limitations of existing RA methods utilized for allocating resources for tasks in
the cloud are discussed as follows: Mangalampalli et al. [16] presented a reinforcement learning model
known as the deep Q-network (DQN) model, which was utilized to solve task scheduling difficulties. A deep-
based task scheduling algorithm (DRLBTSA) was used to find the optimal resources by considering the
priority of the task while minimizing makespan, service level agreement (SLA) violation, and energy
consumption. However, the DRLBTSA model struggled with scalability difficulties and did not effectively
manage the increased complexity of task scheduling when the number of tasks and resources grew.
Belgacem er al. [17] presented an RA model that involved an intelligent multi-agent system and a
reinforcement learning method (IMARM). The agent’s performance in the reinforcement learning model in
turn improved the performance of cloud RA and reduced the load imbalance. The presented IMARM method
achieved less execution time, but there was an increase in energy consumption that affected EERA. However,
the presented IMARM-based virtual machine (VM) allocation process had increased overhead due to a rise in
the task volume, leading to reduced system reliability and higher dependencies on fault tolerance
mechanisms. Sharma et al. [18] designed an energy-efficient VM allocation algorithm based on the multi-
dimensional virtual machine migration (MDVMM) algorithm. The designed VM allocation algorithm
reduced the energy consumption and limited the resource wastage, which facilitated the selection of optimal
physical machines (PMs) at the cloud data center. Moreover, the designed MDVMM algorithm reduced the
energy consumption, and SLA violations were avoided through selection of appropriate VM migrations.
However, this MDVMM approach had a drawback as it was unable to ensure an optimal solution at
certain conditions, which was required to achieve multi-objective VM allocation with minimum
energy consumption.

Siddesha et al. [19] proposed a RL approach that was utilized to maximize the reward mechanism
and design the policy as per task scheduling actions. Task scheduling helps in efficient task allocation and
minimizes energy consumption and the reinforcement approach was utilized to balance load and resource
efficiency for better performance of the model. However, the RL method struggled to adapt towards the
dynamic changes in the cloud environment, such as varying VM capabilities, which potentially affected the
efficiency of task allocation and energy consumption. Khan and Santhosh [20] implemented a hybrid model
which was a combination of particle swarm and grey wolf optimization (PSGWO) algorithms to identify the
most suitable VM for the tasks. A task scheduling model was used to calculate task execution time and
monitor VM status during the execution to enhance efficient resource utilization. Task scheduling led to
enhanced RA, reduced task execution time, and increased adaptability in dynamic conditions that in turn,
improved performance. However, the PSGWO method caused computation overhead due to limited
resources, leading to low efficiency of the model. The key contributions of this research are described as
follows: the DRL-based RA model optimizes multiple objectives such as cost minimization, energy
efficiency, and QoS to allocate the resources for the specific tasks in an effective manner in the cloud to
avoid overutilization and underutilization. The proposed starling murmuration optimization (SMO) algorithm
is used to fine-tune the DRL model to prevent selection of sub-optimal resources, which ensures efficient RA
in the cloud with less energy consumption.

The remaining part of this paper is structured as follows: section 2 explains the proposed
TBONSMO approach. The experimental results are illustrated in section 3. Section 4 depicts the discussion
of results obtained by proposed method. Section 5 represents the conclusion.

2. METHOD
An energy-efficient model is developed to allocate resources in cloud computing. This utilizes DRL
to find optimal resources for processing the tasks efficiently [21]. This DRL model is further enhanced by the
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SMO algorithms with two strategies that adapt the user demands dynamically and allocate the resources to
manage the tasks with less energy consumption. The proposed RA framework involves four phases: system
model, constraints, DRL-based RA, and the proposed SMO algorithm. Figure 1 represents the proposed
EERA framework.
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Figure 1. Proposed framework for EERA in cloud environment using DRL-SMO algorithm

2.1. System model

In this research, RA for the tasks in the cloud having industrial equipment (IE) and mobile edge
computing (MEC) servers are denoted as d and s. It is assumed that the time interval is split into T time slots.
For every time slot t, the IE server d creates I%(t) tasks by distribution as in (1). Where a?(t), bZ(t), and
c{i (t) represent the size of data, result and number of CPU cycles. After the tasks are generated, constraints
are framed to ensure EERA in the cloud.

wl () = {af (), b (1), cf' (1)} (1)

2.2. Energy consumption model

The main objective of this research is to ensure EERA for the tasks in the cloud. The power
consumed by the IE and MEC servers in each moment to execute tasks is mathematically represented in (2)
and (3). Here ¢ denotes effective switched capacitance. Therefore, the energy estimation for IE and MEC is
obtained using (4) and (5). Where p?(t) and T2 (t) represent power and delay of IE; pS(t) and T7(t)
represent power and delay of MEC server respectively.

p(®) = ¢[fA®] @
pi(©) = IO (3)
Ef (1) = pl(OTH(®) )
ES(6) = p(OTS () )
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2.3. Proposed resource allocation model

For the RA in the cloud, a DRL model is utilized [21], [22] for solving the optimization problem
which involves five components known as action space (A), state transition probability (P), state space (S),
discount factor, and finally reward function (R) y. When time slot ¢ is started, the agent in the DRL algorithm
decides the action based on the selection of (A) and the condition of the current system (S). After that, the
environment in DRL model updates the system’s next state s;,; and then receives feedback from the
environment to evaluate action effectiveness. Then, the agent develops a policy u to map the state and actions
with respect to the interaction between agent and environment, as represented in (6).

w:S - P(A) (6)

The fundamental five elements of DRL model are briefly explained as follows:
i)  State space: once the time slot t begins, the agent starts to acquire information regarding state of the
current system environment. State space in time slot t is given in (7).

se = {E@®),F(t),D(®),S(t), K(8)} (7

Where F(t) and E(t) indicates available computing and power resources; K(t) and D(t) indicate
position and size of all tasks; and S(t) denotes accessible storage resources.
ii)  Action space: after determination of current state s;, the agent takes the decision based on the given (8).

ar = {B(t)'P(t)' S(t)'X(t)'f(t) } (8)

Here P(t), f(t), B(t), and s(t) indicate allocated power, computing, bandwidth, and storage resources;
and X (t) denotes task offloading decisions.

iii) State transition probability: in state transition, p(s; + 1|s;, a,) denotes probability of s,,, for the given
s; and selected a;. Also, the agent has no previous information about p(S;,4|S¢,a;), which is only
obtained through the environment in DRL algorithm.

iv) Reward function: the reward is denoted as 13, which refers to immediate reward established while doing
action in the state s,. To achieve minimum energy-delay cost, the reward r; in each time slot s, is
formulated as negative for the average cost of IE tasks. The mathematical representation of reward is
given in (9).

4 11

e = 23=1 Zi:l;l_d Cid(t) 9

Since the optimization problem is a high dimensional one, the DRL method is used to address this
issue to obtain an optimal policy that increases the long-term reward as depicted in (10).

R, =¥ro1v' ' (10)

Wherein R, denotes the long-term reward.

However, the limitations of this DRL model are that it explores sub-optimal solutions and the
occurrence of slow convergence, which lead to inefficient RA. Thus, an optimization algorithm is used to
address this issue, which optimizes the policy of DRL for faster convergence [23], [24] and guides the agent
to explore diverse regions that prevent the model from getting stuck in local optima. In this research, a SMO
algorithm is used for enhancing the DRL model to efficiently allocate resources in the cloud.

2.3.1. Proposed Taylor-based optimization neighborhood starling murmuration optimization algorithm

The SMO algorithm is inspired by the events occurring in nature regarding the murmuration of
starlings. During this time, several flocks are grouped to form coordinated flight patterns in the sky. At the
time of murmuration, the starlings split and form flocks again in a highly synchronized manner. These flocks
frequently change their direction of movement to escape from the predators, but under some conditions, due
to uncertainty in the flock movements, the cohesion is affected between them, which lead the predators to
hunt these wayward starling birds. Thus, a dynamic multi-flock construction is used to represent the starling
behavior in every iteration that moves these birds to another flock population. To search and refine the best
resources, the movement strategy of the SMO algorithm is categorized into three behaviors of starling birds
which are diving, whirling, and separating. Before that, the starling birds are initialized in the search space
for search solutions.
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Initialization: at first, a solution candidate (x) matrix is determined by random values within a
search space, that denotes the initial positional vectors of a starling bird. The solution matrix is initialized by
the positional vectors of the starlings as given in (11).

X xtxtb .. xd
X, 1,1 d

x — : — xz ..x:2 lll‘ xz (11)
XN Xy xpy . x

Where x denotes the candidate solution of the prey, d indicates dimensions, and N refers to the number of
candidates. If the solution is moved using an exploration and exploitation strategy, then it sometimes extends
beyond the scope of the search space to arrive at an optimal solution. Therefore, it is necessary to establish
boundary conditions to ensure that the search space remains within a surrounded area. The boundary
conditions are expressed mathematically in (12). Where X,,;;, and X,,,, denote the minimum value of the
current solution and the maximum attainable value.

i i=12,...,d
x; (t) = Range ...[Xmin — Xmax]; WhereL. =12 ... N (12)

Flock construction: the starling birds form the murmuration M wherein a group of starlings is
divided to improve the population diversity by using a separate search technique. After getting divided from
the murmuration, each flock flies and displays behaviors of diving and whirling search strategy. The flock
construction of the starlings is done by using (13).

P _ log(t+d)
sep 2log(Itmax)

(13)

Here, P, tepresents a new population. During the separating strategy, the position update of starlings
between various t flocks is mathematically expressed in (14).

xf* = xf+ D x (X5 —xf) (14)

Where x{ and x/*' denote the current position and next position of the starlings: Xrt, and X! indicate the
starling’s random position in the selected flock and entire population; Q indicates the separation operator,
which maintains the population diversity by using a quantum harmonic oscillator. The position of every
starling in each flock is updated by using a diving or whirling strategy. The starlings’ selection strategy is
done using (15).

(15)

4

L+ :{ Diving Strategy Qg < liq
Whirling Strategy Q4 = yq4

Where @, represents the quality of the flock q; u, indicates the average quality of all flocks in the
population. The separation operator in SMO algorithm is mathematically formulated in (16).

S S Fugi()
IS fgi®)

Qq(t) = (16)

Where fv;; indicates fitness values of i" starling in the flock population and k denotes the count of a flock
in a murmuration M. In this SMO algorithm, the diving behavior is utilized in the exploration phase, and the
whirling behavior is included in the exploitation phase, respectively. The brief explanation about the diving
and whirling strategies for starling position update is mentioned in the actual SMO algorithm [25]. The
mathematical expression of the whirling behavior in the exploitation phase used to refine the optimal
resources for tasks is given in (17).

x;(t +1) = x;(t) + cos(ry) X (XR(t) - XN(t)) 17)

Here, 7, denotes random values between [0, 1], X indicates a member from the flocks’ population and Xy
represents different starlings that are not selected from the previous iteration among the flocks.

However, the proposed SMO algorithm faces challenges in selecting an optimal solution due to its
drawbacks such as falling in local optima and lack of global exploration, which affect the implementation of
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EERA in cloud. Therefore, in this research two improvisation strategies are utilized to enhance the RA
process by the Taylor-based optimal neighborhood strategy (TBON) and the dynamic opposition strategy
(DOS), which are explained as follows: the proposed TBON strategy is an extension of the basic optimal
neighborhood strategy. Unlike the conventional technique, this proposed Taylor strategy carefully develops
the search ability of the best agent, which also prevents SMO from falling into the local optimum. This
proposed strategy enhances the behavior of the respective member that helps to explore more potential
solutions located near the search area. This diverse exploration assists the proposed SMO algorithm to
increase learning ability of agent and enhance the exploitation process. An optimal neighborhood is
mathematically represented by (18).

xi(t + 1) = (1 toX (0’1))05 X xbest(t)éf(xi(t)'xj(t)'xbest(t)'C) (18)

Where @ denotes mathematical operators among multiplication, addition, division, and subtraction; X,
indicates global best solution amongst the obtained solutions and also denotes the representative member
[ (Rp)); The operator which does not involve the candidate solution is denoted by C; ¢ and « are the control
parameters; U stands for any random number. Upward and downward quantum dives are the two diving
behaviors of starlings, which are updated by the proposed TBON strategy as mathematically expressed in
(19) and (20). Wherein 2™ and VP denote downward and upward quantum dives.

|¢@+1Jﬂ)=1+a@XU®JD+gg§iz@XU@J»2+M
+ HEDAEED Ry ) — POV () X (1 () — T () (19)
I¢@+Lm»=1+a®xumi0+ﬂ%;2(axwanf+m
+ DD Ry — U ) x ([ ) = [ (x)) + 1 (6:))) 20)

The proposed SMO algorithm has another drawback, as it often fails to traverse the entire search
space while dealing with complex problems. This makes it difficult for the model to perform global
exploration. Thus, a DOS is used to maximize the search space dynamically, which helps to extend the search
space that assists in attaining any global solution probability. The process of the DOS is described as follows:
To create an opposition point X according to x position as expressed mathematically in (21).

X, d = x4+ x4 — x, d = 1,2,..., Dim (21)

Then, the position of the candidate solution X depends on a random number that provides a new position X,
for the candidate solution as is shown mathematically in (22).

x, = rand(x),rand € [0,1] (22)

Then, DOS is employed for updating the position of individuals by randomly when the present location x is
near x,, and move from the current position into a different direction, which is mathematically formulated
in (23).

Xg0 =x +rand(x,) =x (23)

The proposed RA model based on the DRL approach enables dynamic RA in cloud computing by
learning policies that minimize energy utilization also maintains the service quality. Moreover, an
optimization algorithm, SMO is combined with DRL to enhance learning speed, avoid local optima, and
fine-tune decisions. The integration of DRL with SMO algorithm and the dual strategies used to overcome
the limitations of the SMO algorithm have improved resource utilization, which significantly minimized the
energy consumption in cloud environments.

3. RESULTS AND DISCUSSION

Performance analysis of the TBONSMO model-based EERA for implementation in cloud
computing is illustrated in this section. The simulation of the TBONSMO-based VM allocation is performed
in cloud sim tool with a system configuration of Windows 10, Intel i5 processor, and 16 GB RAM.
Quantitative and qualitative analyses of the proposed method as well as the existing state-of-the-art

Energy efficient resource allocation using deep reinforcement learning ... (Yogeetha Bangalore Rajanna)



4598 O3 ISSN: 2252-8938

approaches is represented in subsection 3.1, while the comparative analysis of the same is given in subsection
3.2. To estimate the effectiveness of the TBONSMO for implementing EERA, the different performance
measures utilized are energy consumption (kilo watt/hour ((KW/h)), makespan (millisecond (ms)),
throughput (number of jobs per second), execution time (seconds (s)), and resource utilization (%).

3.1. Quantitative and qualitative analysis

Performance evaluation of the TBONSMO-based RA model is analyzed in this section. The
state-of—the—art methods that were previously utilized for VM allocation in the cloud are the bat optimization
algorithm (BOA), manta ray foraging optimization (MRFO), graylag goose optimization (GGO), and fennec
fox optimization (FFO) algorithms. These algorithms are utilized for performance evaluation along with that
of the proposed enhanced opposition-based (EOB)-MRFO algorithm. Figures 2 to 6 illustrate the
performance results of EOB-MRFO as per a few diverse performance metrics.

Performance analysis of TBONSMO based EERA model in cloud computing in done in terms of
makespan. Figure 3 shows the performance of proposed TBONSMO model that involves reinforcement
learning. The performance is analyzed alongside those of the existing state-of-the-art methods. From
Figure 3, it is clear that the proposed TBONSMO algorithm efficiently achieved lesser makespan in the RA
of the respective tasks in the cloud environment.

Performance analysis of TBONSMO method is evaluated with respect to execution time (seconds).
Figure 4 shows the performance of TBONSMO model that involves reinforcement learning. The
performance is analyzed alongside those of the related recent-year optimization algorithms. Figure 4 clearly
shows that the proposed TBONSMO algorithm efficiently allocates resources in lesser execution time when
compared to existing methods used for RA in the cloud.

The performance analysis of TBONSMO based EERA model in the cloud is carried out in terms of
throughput. Figure 5 shows the performance of the proposed TBONSMO model with reinforcement learning.
The performance is analyzed alongside those of the existing recent-year optimization algorithms. It is clear
from Figure 5 that TBONSMO algorithm efficiently allocates resources for the tasks in the cloud
environment, resulting in high throughput while compared to other existing optimization algorithms.

N w =
(=] o o

Energy Consumption
=
)

BOA MFO GGO FFO TBONSMO BOA MFO GGO FFO TBONSMO
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Figure 2. Performance of TBONSMO based on Figure 3. Performance of proposed TBONSMO in terms

energy consumption (KW/h) of makespan (ms)
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Figure 4. Performance of proposed TBONSMO  Figure 5. Performance of proposed TBONSMO in terms
in terms of execution time (s) of throughput (number of jobs per second)
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Performance analysis of TBONSMO method is evaluated in light of resource utilization. Figure 6
depicts the performance of the proposed TBONSMO model with reinforcement learning alongside the
existing state-of-the-art methods, to show how efficiently the model utilizes the resources. From Figure 6, it
is clear that the proposed TBONSMO algorithm effectively utilized the resources for allocation to the
respective tasks in a better manner than other state-of-the-art methods.

100

80

60

40

Resource Utilization

20

BOA MFO GGO FFO TBONSMO
Methods

Figure 6. Performance of proposed TBONSMO in terms of resource utilization (%)

3.2. Comparative analysis

The comparison analysis of the proposed TBONSMO algorithm for EERA in the cloud is analyzed
in this section. Existing RA techniques that are utilized in the cloud, such as DRLBTSA [16], IMARM [17],
hybrid whale optimization algorithm (HWOA)-differential evolution operator (DEO) [19], and particle
swarm—grey wolf optimization (PSGWO) [20] are utilized for comparison alongside the proposed
EOB-MRFO algorithm. Table 1 illustrates the comparison results of the proposed method for various
scenarios using varied performance metrics.

Table 1. Comparative analysis of proposed TBONSMO algorithm

Methods Energy consumption ~ Makespan  Execution  Throughput (number Resource
(KW/h) (ms) Time (s) of jobs/ second) utilization (%)
DRLBTSA [16] 37.92 432.56 N/A N/A N/A
IMARM [17] +0.065 N/A +0.737 N/A N/A
RL [19] N/A 1105.80 N/A 96.80 99.50
Proposed TBONSMO 30.58 1223.20 23.56 111.50 99.54

4. DISCUSSION

The proposed model of the TBONSMO algorithm with DRL that is utilized for RA in the cloud
attains greater performance than the existing RA methods. The proposed RA model achieves energy
consumption of 30.58 J, makespan of 1,223.20 s, and resource utilization of 99.54, which are better outcomes
than those of the existing RA works in the cloud environment. The proposed method utilizes Taylor
series-based dynamic opposition learning strategies to address the limitations of the SMO algorithm that
helps to enhance the RA process for the tasks. The existing RA models such as the DRLBTSA model [16]
have limitations as these models struggle with scalability difficulties and are also not effective in task
scheduling when number of tasks and resources increases. The IMARM model [17], based on a VM
allocation process, has increased overhead due to rising task volume that reduces system reliability, leading
to higher dependencies in the fault tolerance mechanism. The traditional RL methods based on RA face
challenges in adapting to dynamic changes in the cloud environment, such as varying VM capabilities, that
potentially affect the efficiency of RA and increase energy consumption.

5. CONCLUSION

The proposed DRL and TBONSMO algorithm model is employed to allocate resources by
achieving energy efficiency depending on the tasks. The combination of DRL with an optimization allocation
model is used to enhance the energy efficiency of the RA in the cloud environment to reduce energy
consumption for allocating tasks. The combination of DRL with an SMO algorithm enhances task scheduling
by enabling adaptive and efficient RA. This approach improves the decision-making processes, optimizes the
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energy usage as well as the system performance, in response to varying workloads and operational demands.
The combination of DRL with deep neural networks enhances task scheduling by enabling adaptive and
efficient RA. The experimental results of the proposed TBONSMO method are computed as follows:
30.58 KW/h and resource utilization of 99.54%, which is optimally lesser when compared to the existing
DRLBSTA approach. In the future, an advanced metaheuristic optimization method may be used to improve
the security of RA in the cloud so that the confidentiality of the sensitive data is ensured.
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