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COST EFFECTIVE HYBRID GENETIC ALGORITHM
FOR WORKFLOW SCHEDULING IN CLOUD
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Abstract. Cloud computing plays a significant role in everyone’s lifestyle by snugly
linking communities, information, and trades across the globe. Due to its NP-hard
nature, recognizing the optimal solution for workflow scheduling in the cloud is a
challenging area. We proposed a hybrid meta-heuristic cost-effective load-balanced
approach to schedule workflow in a heterogeneous environment. Our model is based
on a genetic algorithm integrated with predict earliest finish time (PEFT) to mini-
mize makespan. Instead of assigning the task randomly to a virtual machine, we ap-
ply a greedy strategy that assigns the task to the lowest-loaded virtual machine. Af-
ter completing the mutation operation, we verify the dependency constraint instead
of each crossover operation, which yields a better outcome. The proposed model in-
corporates the virtual machine’s performance variance as well as acquisition delay,
which concedes the minimum makespan and computing cost. One of the most as-
tounding aspects of our cost-effective hybrid genetic algorithm (CHGA) is its capac-
ity to anticipate by creating an optimistic cost table (OCT) while maintaining quad-
ratic time complexity. Based on the results of our meticulous experiments on some
real-world workflow benchmarks and comprehensive analysis of some recently suc-
cessful scheduling algorithms, we concluded that the performance of our CHGA is
melodious. CHGA is 14.58188%, 11.40224%, 11.75306%, and 9.78841% cheaper
than standard Ant Colony Optimization (ACO), Particle Swarm Optimization
(PSO), Cost Effective Genetic Algorithm(CEGA), and Cost-Effective Load-
balanced Genetic Algorithm (CLGA), respectively.

Keywords: cloud computing, cost effective, genetic algorithm, metaheuristic algo-
rithm, predict earliest finish time, Workflow scheduling.

INTRODUCTION

Cloud computing is a buzzword in the current era, which provides a very elastic
‘pay as you go’ model[1]. Dr. Raj Kumar Buyya says, “A cloud is a kind of paral-
lel and distributed system made up of a number of linked, virtualized computers
that are constantly provided and shown as one or more unified computing re-
sources in accordance with service-level agreements negotiated between the ser-
vice provider and customers” [2]. On the basis of physical location and distribu-
tion, various deployment models are available now. Task scheduling is critical for
maximizing the use of cloud resources as well as providing end users with quality
of service (QoS) [3].

Static scheduling and dynamic scheduling are two different sorts of task
scheduling issues. In the static category, all task characteristics, including the
costs of computation and communication for each activity as well as how those
activities relate to one another, are known in advance. However, the dynamic cat-
egory makes such information unavailable and makes judgments at runtime [4].
Furthermore, static scheduling refers to compile-time scheduling, and dynamic
scheduling refers to scheduling at runtime.
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Heuristic-based and guided random search-based algorithms are the two
types of static scheduling algorithms that are most frequently used.

Heuristic-based algorithms deliver approximate, frequently excellent results
because of their polynomial time complexity [5]. Similar to heuristic-based
algorithms, guided random search-based algorithms provide approximations, but
the results’ quality may be increased by including more rounds, which raises the
cost of the methods [6].

Dependent tasks are represented as a workflow, which is a set of nodes and
edges, with each node representing a job and each edge representing follow-up
dependence [7]. Workflow is scheduled and executed by the workflow
management system where tasks are scheduled and provisioned to virtual
machines [8]. Various researchers are engaged themselves to resolve the problem
of resource scheduling in cloud. Many tasks have been completed using the
heuristic approach; however it is not very excellent owing to its problem-
dependent aspect, which is that it is unable to provide a globally optimum
solution. As a result, the researcher prefers to use a meta-heuristic technique. Due
to its task-independent character, the meta-heuristic method delivers a global
optimal solution. The researcher’s ultimate objective is to maximize cloud
resource usage while lowering costs for cloud’s end users [9], [10].

The majority of quadratic time complexity list-based scheduling algorithms
just evaluate the current task when allocating a task to a processor. Although it is
a low-cost method, it does not examine what comes before the current job, which
could lead to poor decisions in some cases. Lookahead [11] is an example of an
algorithm that analyses the impact on child nodes, but it raises the time
complexity to the fourth order. As a result, we used the PEFT approach in our
proposed model “cost-effective hybrid genetic algorithm” (CHGA). One of
PEFT’s most amazing features is its ability to predict by making an OCT with
optimistic costs while preserving quadratic time complexity.

Motivation. Following a comprehensive review, we motivated to resolve a
research gap where many parameters, such as virtual machine (VM) performance
variation, booting time, and shutdown time, as well as load balancing across VMs
and minimize execution time in parallel using heuristics approaches, are not
effectively addressed.

Objective. The goal of this research is to arrange the tasks of workflow in
such a way that it reduces not only computation costs but also processing time
while maintaining load balance among virtual machines. Our objective was to
create a hybrid meta-heuristic technique for reducing processing time and expense
while maintaining load balance across virtual machines under time constraint.
During population initialization in genetic algorithm, we employed predict
earliest finish time (PEFT) approach, which is significant for decreasing the
makespan. We also took into account the time it takes for a virtual machine (VM)
to boot up and performance fluctuations, both of which have an effect on
computation time and execution cost. This represents the novelty of our model.
To keep the load balanced among the virtual machines, we employed a greedy
method [10] in our proposed model “cost-effective hybrid genetic algorithm”
(CHGA).

The remaining sections of the paper are structured as follows. The second
section goes through some background information. Sections III and IV contain
problem definitions and details of our proposed model, respectively. The per-
formance review may be found in Section V. Section V consists of two sub-
sections: result analysis and discussion. Finally, Section VI draws the paper
toward its conclusion.
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RELATED WORK

Comprehensive work has been done by us on various meta-heuristic algorithms in
literature [9], some of them are genetic algorithm (GA) [12], ant colony optimiza-
tion (ACO) [13], particle swarm optimization (PSO) [14], artificial bee colony
algorithm (ABC) [15] etc.

The RDPSO (Revised Discrete PSO) technique employed in[16] involves a
greedy adaptive search procedure to establish the swarm particle, followed by the
computation of local best and global best. It focuses on achieving the lowest
execution cost, but load balancing across virtual machines is not provided.

In literature [17] , researchers designed a PSO-based algorithm to minimize
execution cost as well as makespan and compared it with the Best Resource
Selection (BRS) algorithm, but they didn’t take into account dependent tasks in
scheduling approach. This deficiency is removed by [18], where ACO is applied
to the workflow. They used an approach ant strategy: front ant and back ant. Their
study took into account pre-execution time and a pheromone threshold value, but
they did not mimic a different type of scientific workflow.

Researchers in Dynamic Objective-based GA (DOGA) [19] reduced the cost
of workflow execution and reached a result that was comparable to PSO, but they
ignored the booting time factor and the load balancing approach. Authors pro-
vided a GA-based technique in the literature [20], where cost and time span are
both reduced within a user-defined deadline. This paper was not based on real
world workflow, which is accomplished by [21].

A multi-objective PSO approach with a weighted linear transform fitness
function is presented in the literature [22] and they conclude that their proposed
algorithm is better than genetic algorithms, but they consider only makespan and
resource utilization as parameters, not other parameters like execution cost, load
distribution, etc. The outcome of their experiment is not very trustworthy due to
the limited size of their workflow.

A new approach SACO Slave ACO(SACO) [23] proposed a slave-ant
concept where two techniques are used: diversification and reinforcement. These
techniques escape slave ants from long paths. Their experiment didn’t consider
heterogeneous resources or load balance concepts. Multi Objectives ACO(MO-
ACO) [24] addresses this flaw by presenting an approach for scheduling jobs in a
cloud context that considers load balancing with cost and time but ignores
dependent tasks in the cloud.

The Greedy-Ant-based ACO [25] approach uses forward and backward
dependency techniques to build transition probability. To allocate the virtual
machine, they used a greedy strategy. They compared their meta-heuristic model
with a heuristic that has a high level of scarceness in their research.

In the suggested GA [26], VMs are grouped based on their capacity to
shorten the time it takes for a procedure to complete. Before clustering the VM,
they considered cost computing to make this approach more successful. They did
not include the VM termination delay in their study, and they also did not
examine the load balancing idea.

In the literature [27], authors focused on function optimization using improved
genetic algorithms, whereas machine learning concepts are included with GA [28].

In order to reduce makespan and cost, authors presented a HEFT-ACO tech-
nique [29] that is based on the heterogeneous earliest end time (HEFT) and ACO,
but they did not integrate the idea of load balancing across virtual machines.
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In research [10], authors focused on balancing the load among virtual ma-
chines to increase performance. To achieve this, a greedy seeding strategy was
applied with the genetic algorithm, but there was no efficient heuristic approach
to reduce the makespan and cost.

Following a comprehensive review, we observed a research gap where many
parameters, such as virtual machine (VM) performance variation, booting time,
and shutdown time, as well as load balancing across VMs and minimize execution
time in parallel using heuristics, are not effectively addressed.

Our goal was to develop a hybrid meta-heuristic approach for processing
time and cost reduction in a time-constrained situation while maintaining load
balance across virtual machines. To accomplish this, we used the PEFT strategy
during population initialization, which helps to reduce the makespan. The ability
of PEFT to anticipate by building an optimistic cost table (OCT) while preserving
quadratic time complexity is one of its most amazing features. We also took into
account the time it takes for a VM to boot up and performance fluctuations, both
of which have an effect on computation time and execution cost. To keep the load
balanced among the virtual machines, we employed a greedy method in our pro-
posed model CHGA.

PROBLEM DEFINITION

Minimization of computing costs and makespan of scientific workflow with bal-
ancing the loads among virtual machines is the main motto of our proposed Cost
Effective Hybrid Genetic Algorithm (CHGA), which works under a user-defined
deadline constraint. A simple workflow is depicted in Fig. 1, and its correspond-
ing encoding is represented in Fig. 2.

Fig. 1. Example of Workflow

Encodir\g of Chrpmosome _
OrderOfTask| 1 2 3 4 s 6 7 8 9 |10

Task \T1|Ta |73 |76 |T7|T2| 79 [T5|T8 [T10
VM 1 (3|3 |4a4|2 2|5 |4|1]|5|
vmType | 3| 2|2]2]2|2]21]2]3]1]

Fig. 2. Encoding of workflow depicted in Fig. 1

In a heterogeneous cloud computing environment, variation in the per-
formance of VMs and booting time delays are two main factors that impact the
makespan of the scientific workflow. That’s why we considered both of the
above-mentioned parameters in our proposed model. Schedule is illustrated as
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S ={VM gy ,Map, TET , TEC} , Where VMggr a virtual machine pool, and Map
denotes the selection of an appropriate virtual machine to perform a task. Total
Execution Time and Total Execution Cost, respectively, are abbreviated as TET
and TEC. We generate the value 0%—24% randomly as a performance variation,
and the acquisition delay is assumed to be 1 minute for each VM. We defined the
problems to achieve our objectives. If TET violates the deadline constraint, then TEC
is not computed, otherwise it will be computed.

THE PROPOSED HYBRID GENETIC ALGORITHM

Description of the CHGA

We explained CHGA step-by-step here.

Step 1. During population initialization, the chromosome is encoded in the
same way as in the meta-heuristic technique provided by [25]. OrderOfTask,
Task, VM, and VmType are four fields that are used to encode a chromosome.

If the total population is N, then (N —1) is initialized using a random tech-
nique and the remaining is using PEFT. PEFT is described in section IV B.

Step 2. During the population initialization, we employed a greedy tech-
nique [10] to balance the load among several virtual machines, as illustrated
through flowchart in this paper. This strategy assigns the new task to those VMi
which have minimum load at that time. Compute Load Li on a VMi:

n
I = Z j:]Tj '
VMG
Step 3. Now compute the fitness of each candidate.
Step 3.1: Calculate the execution and transfer times for all of the individual’s tasks.

Divide the' task’s size Sizer, by the virtual machine’s processing speed
Speedy,;, to find the task’s execution time ETy,,, (T;)
Sizer.
ETiaty ()= g
The size of an output data file DataFile T, and the typical bandwidth p may

be used to compute the communication time T,

DataF ileTl_
Ej = '
If a task is appear as root task or all parent tasks are on the same VM then
communication time is zero.

Step 3.2. Calculate Execution start time ST, and finish time FTr, now.

STy, is an estimated time to start the execution. It is equal to acquisition delay if
the task is appear as root node, otherwise
STy, ={Max {Avail{VMk},Mapr }FTTP + TTEp,- }.

Here Avail(VM,) is the time of VMk when it is ready to execute a new
task and the VM’s performance variation is denoted by PerVar. FT. T, indicates

completion time of parent’s task.
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ETyyy, (1)
(1 - PerVar)}

FT. T, is the time indicates to finish the execution.

ETyy, (1))

Step 3.3. Now compute TET and TEC as given below:
If TET <D, TET ={FT(t,)} ,
VM,

TEC = C
,,zzl type(VM )*{

Avail M )= STy, +{

VMno_ET-VMno_ST | *
Timelnterval }
Equation (1) to Equation (8) are from literature [19], [20].
Step 4. After computing the fitness of the chromosome, the tournament-
based algorithm is used to select the best two individuals for further crossover.

Step 5. A two-point crossover is used as depicted in Fig. 3.

o et

Order of Task 1 2 3 |4 _|_5_|_6 7 8 9 10

Task T1 | T4 <37 | 7@ | 73 | T6 F 12 | 75 | T8 | T10

VM 1 3 2\ 751" 3 [ a 2 a 1 5

Vm Type 3 2 1\ 1 2 2 1 2 3 1
Parent-1

Schedule s Parent-2

OrderOfTask 1 2 3 | 4 ¥ 5 | 6 | 7 8 ] 10
Task T1 | Ta {13 | T6 | T7 | T9 T2 T5 | T8 | T10
vm 1 3 5 T—S—F—=21 5 | 2 a 1 5
VmType 3 2 1 2 1 1 1 2 3 1

Child candidate

Fig. 3. Crossover Operation

Before Mutation

Order of Task 1 2 3 a s 6 7 8 9 10
Task Ti |ta |17 (19 ) 73 [ 16 (72 ) 75 [ T8 |[T10
vmM 1 3 2 5 N3 a |2 a 1 5
vm Type 3 2 1 i ‘2“ %"l 1 2 3 i
| ]
MP1 // ‘\\ MP2
Aftér Mutation

Order of Task 1 2 3 a.s s 6 . 7 k=3 9 10
Task T1 | vTa |77 |72 |3 | 76 | 79 | 75 | T8 |T10
vm 1 3 2 2 3 a s a4 1 5
vm Type 3 2 1 1 2 2 1 2 3 1

Example of Mutation
Fig. 4. Mutation Operation

Step 6. Apply mutation operations as illustrated in Fig. 4. Now check the
dependency constraint on it.

If a new individual follows the dependency constraint, then it is accepted,
otherwise it is discarded.
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Step 7. If the fittest solution meets our objectives under the user-defined
constraint, then stop the iteration; otherwise, continue it from step 3 after replac-
ing the least fit candidate with the better new solution.

TTESD

Workflow

{

Extract data from workflow as input require
in proposed model

with Best
Solution

Termination

(2]
& N-1 1
(1]

3 —y Y

= L s Population Initialization using Population initialization

’%%% S Random technique and Greedy]| using PEFT

it -

cood a Strategy
= I
=

él Population with Fitness Value |

— ‘ Select best two individuals |<—

y

= 2

] o

3 - | Crossover |
27 o

o o N L

= o -

< < | Mutation |

(]

Follow Dependency
Constraint

Replace worst candidate|
by Best one solution

Deadline

Constraint
?

Fitness Computation

Fitness Evaluation

Is Objective
Functions Meet

Random Technique

Greedy Strategy

/ Best candidate solution and Stop /

b
Fig. 5. Block Diagram of Proposed model CHGA (a); flowchart of Proposed model CHGA (b)

A picture is worth a thousand words, that’s why we depict our proposed
model CHGA through a block diagram and flowchart, as shown in Fig. 5, a and

Fig. 5, b respectively.

A Glance on PEFT

The PEFT [30] consists of two stages: a task prioritization phase that identifies
priority of task and a VM selection step that determines the optimum VM for exe-
cuting the present job. Both stages are centered on OCT. By computing an OCT
and retaining quadratic time complexity, this algorithm can forecast. Earliest Fin-
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ish Time (EFT) of a node n on processor p is sum of earliest start time and com-
putation time of a node n on processor p. Illustrated in Fig. 6.

Select task Computer OCT Insert task Nggy in
from workflow Table and Rankgcr empty ready-list

.
~TF readv
i
R et Toesss
o |1
< S

J=1 Select task n; of
highest Rankgr

Ocrr(mipy) =EFT(mypy) | 0 Assign n; to P; of Update
+ OCT(n;,p;) minimum Ogr ready-list

]

Fig. 6. PEFT Strategy

PERFORMANCE EVALUATION

Baseline Algorithm

In the current era, ACO and PCO are buzzwords. Both meta-heuristic algorithms
are inspired by the natural process of resolving NP-hard problems like optimiza-
tion. That’s why we used them as baseline algorithms as they contributed to solv-
ing the same problem addressed here. Except these we used CEGA [20] and
CLGA [10] as baseline algorithms.

Pheromone-based communication in an ant is to find the best solution. Ini-
tially, all the routes have the same probability of selection, i.e., ‘no bias’ due to
the same or no pheromone. A local update rule is applied when the ant constructs
the route, i.e., solution. Longer pathways vaporise or disintegrate more quickly
than shorter ones do. Shorter pathways therefore accumulate more pheromones
over time. Pheromone’s quantity is responsible for indirect communication,
which is known as ‘stigmergy’ [18]. When all the ants have completed their
routes, then a global update operation is performed. Now the selection of the path
is biased and the best ant is allowed to update the pheromone by the pseudo-
random-proportional rule [18]. We can understand ACO from Fig. 7 and PSO
from Fig. 8.

Particle Swarm Optimization was first introduced by Kennedy and Eberhart
[22]. In this instance, swarm stands for the population, and particle for a potential
solution. Each particle is first assigned a random coordinate. The objective func-
tion, or the distance between the particle’s present position and the food, is used
to evaluate performance. PBEST indicates the local best position of a particle,
whereas refers to the velocity constant. By updating the velocity and position of
the particle, a global optimum solution can be achieved. We keep this process go-
ing until we get our objective or reach our maximum iterations [22]. This is de-
picted in Fig. 8. As baseline algorithms we used ACO, PSO, CEGA [20] and
CLGA [10].
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Input: m, a, B, p, T Input: C;, C,, N
Output: Py Output: Gyegr
InitPheromonelt] § — InitParticll)
Pugsr—NULL "
Whie topConito d While StopConditon() do
:olrt|er1t0<_m:; For each particle P,in S do
§; < ConstructSolution(t) I/f / fl:;xi)a(t;l:cal) :;:tn
If 5, is valid output then i1 \BEST
§, «— LocalSearch($) Pt <— P
1106 <0 P O Py =NULH) end
‘ Py — S Gygsr <— UpdateGlobalBest()
end end
S jter — _ter u{s} For each particle P; in S do
end UpdateVelocity()
end UpdatePosition()
UpdatePheromonel, S_ter , Pges) end
end end
Return Pyggr Return Ggggr
Fig. 7. ACO Algorithm Fig. 8. PSO Algorithm

Experimental Setup

We used four types of scientific workflows: Montage, Cybershake, LIGO, and
Epigenomics as benchmarks, where the size of the workflow is 50 nodes, 100
nodes, and 500 nodes approximately.

We have implemented the proposed model CHGA in a JAVA-based robust
environment and concluded the result after executing each type of workflow 30
times. The accuracy of the obtained result varies by about £5. As mentioned in
Table 1, we considered 5 types of VMs as specification [31]. We assumed 20
kbps average bandwidth as proposed by Amazon Elastic Block Store (EBS) [32].
A thorough analysis of the literature [33],[34] is beneficial in deciding on various
parameters.

There are 3 levels of deadline constraints: hard, crunch, and soft, which are
considered in our experiment.

Deadline

D = (B +1)min ET OW,.
For hard deadline range of a: 0<a <1.2.
For crunchy deadline range of a.: 1.2 <0 <2.8.

For soft deadline range of a.: 2.8 <a<4.4.

Here o indicates step length, whose value is 0.4.
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Table 1. Configuration of VM in our practical approach

VM Types ml.Small | ml.Large | m1.Xlarge | c1.Medium | C1.Xlarge
Processing Capacity
(GFLOPS) 4.4 17.6 352 22 88
ECUs (Speed) 1 4 5 20
Cores 1 2 4 2 8
Memory (GB) 1.7 7.5 15 1.7 7
Disk(GB) 160 850 1690 350 1690
Cost /Hr. ($) 0.04 0.16 0.32 0.2 0.8
RESULT AND ANALYSIS

Evaluation of Deadline Constraint

Our suggested CHGA is evaluated and compared using baseline algorithms in
order to fulfill our goal within a user-defined deadline, as depicted in Table 2 and
Fig. 9. The hit rate of our proposed CHGA is better than that of other baseline
algorithms, which represents its robustness. The capacity of PEFT to predict the
impact of scheduling the all children task of the current parent task reduced the
makespan of workflow and improved the hit rate of CHGA.

Table 2. Analysis of Hit Rate based on deadline

Deadline | Algorithm Montage Cybershake LIGO Epigenomics

CHGA 96.3002 94.0645 93.0989 92.3004
ACO 53.9809 58.2309 52.0051 57.4506
Hard PSO 69.0989 67.9882 68.0898 69.1216
CEGA 92.3433 88.4844 88.5034 83.4908
CLGA 95.5022 91.4788 91.4602 88.0223
CHGA 99.8956 99.8002 99.7444 99.8288
ACO 72.0989 73.0899 71.9004 74.0112
Crunch PSO 79.0767 80.3503 81.0302 78.9704
CEGA 99.5011 99.6202 99.5002 99.6055
CLGA 99.5067 99.7601 99.5676 99.7388
CHGA 99.8876 99.7909 99.7708 99.8092
ACO 78.0998 76.0038 77.0902 78.2312
Soft PSO 83.4534 82.0034 85.7801 86.5709
CEGA 99.6767 99.7022 99.6081 99.5003
CLGA 99.6878 99.7803 99.7003 99.7099
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c
Fig. 9. Analysis under: Hard Deadline Constraint (a); Crunch Deadline Constraint (b);
Soft Deadline Constraint (c)

Successful Execution in %

Load-Balance Evaluation

Greedy strategy plays an important role in load balance. Finding a virtual machine
with a low load is important before we allocate a task 7; to an individual. In order
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to manage the load balance, we map the task 7; with VM, using the greedy tech-
nique after identifying VM; with minimum load.

The capacity of VMC; can be calculated as given by Equation, where the
number of processing elements is PE

VMC, =PE,,,, xPE

mips *

All VMC,; are collectively known as Virtual Machine Capacity (VMC), and
m is the total number of VM :

VMC=3" VMC,.

Load L; ona VM,; is as Equation.
Total load TL is as Equation

m
TL = Z,-=1Lz’ .
Load capacity per unitis LC ), as Equation

_TL
PovMe
Threshold value TH; is as Equation

TH; = LC,, x VMC;.

The threshold value TH; is compared with the load of VM,; to determine the
status of VM,, i.e., under-loaded, balanced or over-loaded. The result of our ex-
periment shows that with ACO, VM1 is overloaded by +82% and VM3 is under-
loaded by -58%. In contrast, with PSO, VMS is overloaded by + 69% and VM4 is
under-loaded by -63%, as shown in Fig. 10. Our model CHGA exhibited better
load-balance compare to ACO, PSO, and CEGA, which denotes the robustness of
CHGA. When we used the proposed CHGA, VM4 was overloaded by +26%,
while VM3 was under-loaded by —12%. Illustrated in Fig. 10.

—CHGA —-ACO —+«PSO —=-CEGA ---CLGA
200

180 | - Loadbalance

160 /

™ /

N

¥ 120 x \ /S =
= —m——
g 200 N\~ T
= 8o AP Ul
£ T NN
5 a0 y
= 20

° VM1  vM2 @ vM3  vMa  vMs

Types of Virtual Machine ------ >

Fig. 10. Comparatively analysis of Load Balance
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Cost and Makespan Evaluation

Our holistic comparison between the baseline and our proposed CHGA is de-
picted in Fig. 11 — 14. The obtained result of our experiment indicates the robust-
ness of our proposed model CHGA. CHGA is 14.58188%, 11.40224%,
11.75306%, and 9.78841% cheaper than standard ACO, PSO, CEGA, and CLGA,
respectively. CHGA’s average makespan is 34.73619%, 31.48127%, 5.71553%,
and 9.73710% lower than standard ACO, PSO, CEGA, and CLGA, respectively.
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Fig. 11. Comparatively analysis of Cost. Began
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The capacity of PEFT to predict the impact of scheduling the all children
task of the current parent task reduced the makespan of workflow and improved
the execution cost in term of minimization in our proposed model. The obtained
result of our experiment indicates the robustness of our proposed model CHGA.
CHGA is 14.58188%, 11.40224%, 11.75306%, and 9.78841% cheaper than stan-
dard ACO, PSO, CEGA, and CLGA, respectively. CHGA’s average makespan is
34.73619%, 31.48127%, 5.71553%, and 9.73710% lower than standard ACO,
PSO, CEGA, and CLGA, respectively.

DISCUSSION

Because the best schedules take into account both the gain in a sequence of tasks
as well as the immediate gain in processing time, we observed that the best meta-
heuristic schedules could not be achieved if we adhered to the conventional strat-
egy of selecting processors based only on current task execution time, so we used
the PEFT strategy during population initialization, which helps to reduce the
makespan. Its capacity to predict the impact of scheduling all child tasks of the
current parent task This attribute allows one to make the perfect decision when
selecting the perfect virtual machine. We also took into account the time it takes
for a VM to boot up and performance fluctuations, both of which have an influ-
ence on computation time and execution cost. These statements are verified by the
obtained results of our experiments, which indicate the robustness of our pro-
posed model CHGA. CHGA is 14.58188%, 11.40224%, 11.75306%, and
9.78841% cheaper than standard ACO, PSO, CEGA, and CLGA, respectively.
CHGA'’s average makespan is 34.73619%, 31.48127%, 5.71553%, and 9.73710%
lower than standard ACO, PSO, CEGA, and CLGA, respectively.

We also applied the greedy strategy during the initialization of the popula-
tion, which plays an important role in load balancing among VMs. When we used
the proposed CHGA, VM4 was overloaded by +26%, while VM3 was under-
loaded by -12%, which shows our model CHGA is better in load-balancing com-
pared to ACO, PSO, and CEGA.

CONCLUSIONS AND FUTURE WORK

To schedule scientific workflow, we introduced our meta-heuristic, cost-effective,
load-balanced hybrid evolutionary method. To balance the load among VMs in a
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heterogeneous environment, an effective encoding approach with a greedy strat-
egy is used. We also employed the PEFT technique to make our algorithm more
cost-effective. Under a user-defined deadline, we considered three parameters:
makespan, computation cost, and load balance, and rigorously tested four types of
scientific workflows with varied task sizes. Our experimental results proved that
the proposed CHGA algorithm’s performance is better than the ACO, PSO,
CEGA, and CLGA in minimizing the computing cost and execution time as well
as balancing the load among virtual machines. CHGA is 17.48570%, 15.30489%,
11.75306%, and 9.78841% cheaper than standard ACO, PSO, CEGA, and CLGA,
respectively. CHGA’s average makespan is 34.73619%, 31.48127%, 5.71553%,
and 9.73710% lower than standard ACO, PSO, CEGA, and CLGA, respectively.
In the future, we will consider the dynamic nature of workflow with the latest me-
ta-heuristic algorithms like Cuckoo search, Firefly, Lion, and Jaya, etc.
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EKOHOMIYHO E®EKTUBHUN T'IGPUJIHUNA TEHETUYHUN AJITOPUTM
IIVNIAHYBAHHS POBOYOI'O ITPOLHECY B XMAPI / Cannin Kymap bospa, Cynira
Cinrxan, Xemara ['ost

138

AHoTanisi. XMapHi 00YHCIICHHS BiAirpaloTh 3HAYHY POJIb y CIIOCOOI KHUTTS KOXKHO-
ro, LIJIHHO MOB’SI3yI0YH CIIBHOTH, iH(GOPMALII0 Ta TOPrH [0 BChOMY CBiTY. Po3mi-
3HaBaHHs ONTHMAJIBHOTO PILlICHHS Ul [UIAHYBaHHs POOOYMX MPOLECIB y XMapi €
cknaaHoo cheporo depes ioro NP-xopcTkuit xapakTep. 3amporoHOBaHO TiOpH-
HUH METAaeBPUCTHYHUH SKOHOMIYHO e(eKTHUBHHUII 30aaHCOBaHMI 3a HaBaHTaXKCH-
HSAM TiAXiM 0 MJIaHyBaHHS poOOYOro MpoIecy B reTepOreHHOMY cepenoBuiii. Mo-
JeNb IPYHTYEThCS Ha TEHETHYHOMY AallOPUTMi, IHTEIPOBAHOMY 3 IPOTHO30M
Hal6inbm paHHboro yacy ¢ininry (PEFT), mo6 wminimisyBati makepan. 3amicts
NpPU3HAYCHHS 3aBJIaHHS BUIIAQJKOBUM YMHOM Ha BIPTyaJbHIl MaIlMHI 3aCTOCOBYEMO
KamiOHy cTpaTerilo, sika BiBOJWUTH 3aBJaHHs Ha BIpTyaJbHY MalIMHY 3 HalMEHII
3aBaHTaKeHUM. [licis 3aBepieHHs omeparlii MyTaIlii mepeBipseMo OOMEKEHHS 3a-
JIeXHOCTI 3aMiCTh KOXKHOI orepaii KpocoBepa, 10 Jae KpaIuil pe3yibTar. 3ampo-
MOHOBaHA MOJIEIb BKJIIOYAE B cebe AUCIIEPCiio MPOYKTHBHOCTI BipTyaJIbHOI Malli-
HHM, a TaKOX 3aTPUMKy IpUAOAHHS, sIKa IOCTYNAE€ThCs MIHIMAIBHIH BapTOCTI
makepan i computing. OqHIM 3 HaHOUIBII IPUTOJIOMIIUINBUX aCHEKTiB eKOHOMITHO
edextuBHOrO ribpuaHoro reneruanoro anropurmy ( CHGA ) e Horo 31aTHICTb Iie-
penbauaru, cTBoproroun ontuMictHaHy Tabdmmmio Butpar ( OCT ), 36epiraroun kBa-
JpaTHYHy CKIanHIiCTh 4acy. Ha ocHOBI pe3ynbTaTiB peTeIbHUX €KCIePUMEHTIB Ha
JIESIKUMHU MTOKa3HUKaMH pOoO0YOT0 MPOIeCy B PeaTbHOMY CBiTi Ta BCEOIYHOTO aHai-
3y JESKHMX HEIIOAaBHO YCIIIIHUX alrOPUTMIB IUIaHYBaHHS OTPUMaHO BUCHOBOK, IO
MpOAyKTHUBHICTH 3anporionoBanoi CHGA € menoniitHoro.

Kawuosi cioBa: xmapHi 004HCIICHHS, SKOHOMIYHO BHT1IHI, TCHETHYHUH aJTOPHUTM,
METareBpUCTUYHHIA aJITOPUTM, IIPOTHO3YBaHHS PAHHBOTO Yacy OOpOOJICHHS, TUIaHY-
BaHHsI pOOOYOTo MPOILIECy.
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