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Abstract

It is important to achieve high effective scheduling in cloud computing environment
and further guarantee quality of cloud service. In order to do it, fitness function is
designed to synthetically reflect completion time and cost of tasks. Based on crossover
operation of genetic algorithm and components selection of partial regression, some
significant parameters in classification algorithm of support vector machine (SVM) are
redefined to strengthen mutual learning capability and sorting ability between each items
of subgroup. Meanwhile, it can improve convergence performance of algorithm. Moreover,
from the view of results in simulation experiment, the proposed method represents better
convergence performance and resource scheduling capability in the different number of
resources than artificial neural network (ANN) and genetic algorithm (GA). In the final,
according to the proposed method, high effective scheduling will be acquired and service
cost may be reduced in cloud computing environment.
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1. Introduction

As we know, there is a wide prospect in the application of cloud computing. However,
the quick development of this application depends on key technology of cloud computing.
Hereinto, the most key technology is resource management, including the unified
management of heterogeneous resources, reasonable scheduling and allocation of
resource and so on. Recently, many researchers focused on resource management of cloud
computing, which mostly includes several orientations as follows: (1) the research in
which the aim of resource sorting and scheduling is to reduce power consumption of data
center in cloud computing; (2) the research in which the aim of resource management and
scheduling is to improve resource utilization of systems; (3) the research which focus on
modeling of cloud resource management based on economics; and (4) other relative
researches. The research of resource scheduling and allocation whose aim is to reduce
power consumption of data center in cloud computing is a mainstream in existing studies.
[1,2] focused on the problem of power consumption of data center in cloud computing
and proposed a framework of green cloud computing. Here, optimal location and
selection algorithm energy-aware virtual machine are developed, which can reduce power
consumption of data center through allocation ways of energy aware.

The nature of resource scheduling in cloud computing is a complex combination and
optimization problem. Group intelligence algorithm was introduced to solve this
optimization problem of complex function and achieved good performances [3]. Much
research has been done. For example, [4] proposed a Double-fitness Genetic Algorithm
for the programming framework of cloud computing using completion time of total task
and average task as objective fitness function. [5] developed an Chaos Ant Colony
Algorithm for resource scheduling in cloud computing, which can improve convergence
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rate of optimal solution and avoid into partial optimization. [6] proposed an improved
artificial firefly algorithm to reduce the average completion time of the requested tasks,
solve network load and further achieve a rational resource allocation. Lei and Xiong [7]
proposed an effective GA to minimize the expected makespan and the expected total
tardiness, and con-firmed that it outperformed the traditional dispatching rules. Jin [8]
studied two metaheuristic algorithms with the objective tominimize the makespan based
on shop partitioning and simulated annealing for multistage hybrid flow shop scheduling
problems, and the proposed approaches had been implemented in a real-life printed circuit
board assembly line. Furthermore, theMulti-objective particle swarm optimization
(MOPSO) is another class of MOEAs that has been addressed by Coello [9] and
Mostaghim [10]. There are other multi-objective optimization algorithms, which include
multi-objective simulated annealing (MOSA) by Nam and Park [11], multi-objective ant
colony optimization (MOACO) by Garcia-Martinez [12], multi-objective memetic
algorithm (MOMA) by Chi-Keong and Yew-Soon [13], etc.

Because resource scheduling is a NP-hard problem, under the condition of rapid
increasing of solution space, the method which has high complexity of computation time
could lead to some limitations of it performance. Therefore, intelligence algorithm has
increasingly applied in solving resource scheduling problems, such as Genetic Algorithm
(GA) [12-14]. In addition, cloud computing decrease threshold of resource access and
collect more source to develop a variety of candidate resource pool. These characteristics
greatly increase the space of solution of resource scheduling problem in cloud computing,
which may generate a challenge to computation efficiency resource scheduling problem in
cloud computing. Therefore, Quantum Genetic Algorithm (QGA) has attracted more
attention owing to its wide searching capability of solution space and optimization with
probability.

In this paper, we design a fitness function which can synthetically reflect finished time
and cost of assignments. Then, based on interlace operation of genetic algorithm and
components selection of partial regression, some significant parameters in classification
algorithm of support vector machine are defined again to strengthen mutual learning
capability and sorting ability between each items of subgroup. Meanwhile, it can improve
convergence performance of algorithm. From the results of simulation experiment,
compared to artificial neural network (ANN) and genetic algorithm (GA), the proposed
method represents better convergence performance and resource scheduling capability in
the different number of resources. In addition, high effective scheduling will be acquired
and service cost may be reduced in cloud computing environment.

The rest of this paper is organized as follows. In Section 2, some basic concepts of
cloud resource scheduling are introduced. Section 3 introduces the model of classification
algorithm of SVM. Based on genetic algorithm (GA), Section 4 constructs the proposed
model in this paper. A simulation experiment is developed to verify the validity of the
proposed model and results are further analyzed in Section 5. Section 6 concludes this

paper.
2. Cloud Resource Scheduling

2.1 Scheduling Model

The model of resource scheduling in cloud computing environment can be described
by an element set including nconsumers and m resources as follows:

M=U,\V,F.0)),

where U is a consumer set including nconsumers; V is a virtual machine resource set
including m virtual machine; F is an object function of cloud resource scheduling and
optimization; & is scheduling and optimization algorithm where intelligence algorithm
always be used. Only the situation with one consumer who carries out assignments is

52 Copyright © 2016 SERSC



International Journal of Grid and Distributed Computing
Vol. 9, No. 6 (2016)

considered in this paper and several consumers can repeat to carry out
assignments[15-17].

Then, the characteristics of scheduling model are demonstrated in the following:
(1) In virtual machine resource set V = {v,v,,..,v, }, each virtual machine is divided

according to the number of core, the size of internal storage, and the space of disc.
Suppose Vi= {4, 4,9} i=12,..,m, where i denotes the number of virtual machine

and 4, g, ¢ denote the number of core, the size of internal storage, and the space

of disc respectively.
(2) Metataskset T= {t.t,,..,t} denotesn dependent metatask of a consumer.

(3) Task time matrix S, =(s;) (i=12,..n;j=12,..m) is proposed where s, denotes the

implementing time of task i on resource j. The values of task time matrix are based on
performance of assigned virtual machine.

(4) Resource scheduling matrix En:(eij) (i=12,..n) is developed to denote

implementing task i of resource e;. If E =[3 2 2 4 1] denotes implementing task 1 of

number 3 virtual machine, implementing task 2 of number 2 virtual machine,...,
implementing task 5 of number 1 virtual machine.

(5) Resource wusing matrix X, :(Xjei) (j=12..n) is demonstrated satisfying
e €E,,x, =1and others equal to 0. The generation of X is based on resource
scheduling matrix. Here, x denotes virtual machine g; is used by task j.

Therefore, as the features of resource scheduling model mentioned above, three
hypothesizes are provided in the following:

Hypothesis 1. The performance of virtual machine can satisfy the requirement of each
task.

Hypothesis 2. A task can be assigned a virtual machine [8-9].

Hypothesis 3. All tasks can be assigned absolutely [8-9].

Completion time of task in virtual machine vj can be obtained from task time matrix
and resource using matrix:

T= max{sij,xjel} (i=12.n;j=12.m). (1)

1<i<n

Therefore, the total completion time of implementing task in m virtual machines can be
obtained

Makespan= Zm:rp_ax{sij +Xje } (i=12,.mj=12..m). 2
= <i<n !

2.2 Cost of Cloud Service

In cloud computing environment, service provider is concerned with not only
completion time of tasks offered by consumer but also the cost of cloud service. Service
model Pay-as-you-go of cloud computing requires that service provider quantifies the
charge of service used by consumers. In this paper, virtual machine of cloud resource is
considered as scheduling unit and task requirement of consumer is assigned and
scheduled according to virtual machine instance. Completion time of consumer's task in
virtual machine will be different with respect to different configuration of virtual machine.
Thus, a good scheduling algorithm is required to reduce the cost of cloud service of
service provider and further increase the benefit of service provider. Based on pricing
model of virtual machined in Google Compute Engine, the cost p; in the per unit time of
virtual machine of cloud service provider is defined as

Pj: Pu X+ Py X B+ Pis XV (3)
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where p,, p,, p, are the cost of unit core, memory and disc space, respectively [9].
Then, unit time of each virtual machine is obtained by

P= 1P Py Py} (4)

With respect to a task of consumer, the cost v; of virtual machine offered by cloud

service provider can be defined as follows

Pj =(pilxai + P X B+ Pis <, )XI;Q%{Sij’Xjei } = P X'Eg({sijvxjei } 5)
Here, Eq. (5) is obtained by multiplying Eq. (3) with Eq. (2). Thus, with respect to a task
of consumer, the total cost of cloud service provider is

P= Zm:pjxmax{sij,xjel} (6)
-1

I<i<n

Obviously, Eqg. (6) is deduced from Egs. (2) and (5). Therefore, the objective function
can be created as min P.

3. The Basic Concepts of SVM

3.1 Kernel Function

Definition 1. (Feature Space) Given an initial dataset S ={(x,¥,),(X,,Y,), (¥},
where X, cR" andy, < R". Afeature mapping is
p:xeR" >HCcR" @)
where H is feature space, denoting space Hilbert .

Definition 2. (Kernel function) Let binary function K(x,x") belongingto R"xR" be a

kernel function of R"xR". If there is a mapping from R" to any feature space H , then it
can be obtained that

K%, X) = (d(x,), #(X;)) (8)
where (-, -) denotes inner product of H.

Definition 3. (Positive semi-definite matrix) Let binary function K(x,x;):R"xR" - R
be positive definite. If it is symmetric such as K(x,x;) = K(x;,x), and satisfies
> aaK(x, )20, 9)
ij=1
wherem €| (positive integer), X, ,X,,..., X, €R" and o,,...,a, €R.

Definition 4. (Grammatrix) Given K(x,x):R"xR" —Rand x x,,..,x €R". Then,
the element in the i line of the j column constructs a IxI matrix of K; =K(x,Xx;).
Therefore, Kisa Gram matrix of K(x,x) relatedto X,X,,...,% .

3.2 Modelling of SVR
The ideal of SVR is demonstrated as follows. Firstly, suppose XeR"and yeR,

where R"denotes output space. Then, through nonlinear transformation, input space of x
can be mapped into a high dimensional feature space. Finally, in this space, linear
function can be used to fit the sample data and guarantee to obtain good generalization
ability.

Step 1. In feature space, linear estimation function is defined as
y=f(X,0) =" ¢(x)+b (10)

Step 2. For nonlinear regression problem, non-negative relaxation variables& and & are
introduced to solve the optimization problem which can be showed as
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min%||a)||2+C~i(§i L&) (12)
Yi—o-g(X)-b<e+g
Sti-y +w-d(x)+b<e+& i=12--,N (12)

£>0,&E>0,C>0

where penalty factor C > 0is a preset constant. The more the value of C is, the more the
penalty degree is.

Step 3. In order to deal with this binary optimization problem, lagrange equation where
optimal solution is under constraint condition is constructed as follows:

L(w,b,&,E) =%||a>||2 +C.Z(§i +§*)—Zai (e+E& —y, +wX +h)

N N (13)
_Zai*'(8+§:+yi_wxi _b)_Z(nié_'_ni*é:i*)
i=1 i=1
N N
%zw—gaixi+;a:xi =0
N N
%zZaf—Zai =0
S.t. AL == (14)
—=C-3-7=0
0¢,
oL *
-=C-a, -7 =0
Py &

Step 4. Based on Eq.(15) andthrough selecting component a, in open interval (0,C),
bias term b can be obtained as

N
b:yk_Z(ai*_ai)K(XHXk)_g (15)
i=1
Step 5. Finally, the nonlinear regression function in high dimension space is developed as
Y= 1= wp()+b=(a —a)K(x,X)+b (16)
i=1

In Eq(16), K(x,x)=(4(x)-#(x)) is the kernel function, ¢(x) and ¢(x) are the

image of mapping of the points x and x; in sample space. The principle of SVR is
illustrated in Figure 1.

w-x+b=-—1, wx+hb=0

S X+b=+1

Negative objects (y=-1) Positive objects (y=+1)

Figure 1.Classification of Support Vector Regression
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4. The Model of GA- PLS-SVR

The basic ideal of PLS-SVR includes the following content. First of all, the first
principal component t and u, are respectively extracted from independent variable E,

and dependent variable F,. Then, the regression from dependent variable F, to t is
built. If regression degree has been reached satisfaction, then the algorithm is
discontinued. On the contrary, the second principal component will be extracted using
residual information after explanation of E;. This process will be continued until a
satisfied precision is obtained where the precision is estimated by testing cross validity.
Furthermore, let principal component be input variable by using SVR algorithm. Then,
input variable can be mapped into a high dimension space through kernel function.
Therefore, after linear processing, a final PLS-SVR regression equation can be obtained.
Step 1. Normalize the data. After normalization of X, a data matrix is acquired as
Eo =[Es Egoro Egpliep - AS SAMe as X, a data matrix F, =[F,,F,,---,F,]is obtained after

normalization of Y. Suppose t;is the first principal component of E;, w, is the first axis
of E,, which is a unit vector as|jw,||=1.

Step 2. In step 1, the feature vector w, and principal componentt, in accordance with
the biggest feature value of matrix E; F,F, E, can be calculated.

Err-lFo
W, =
" LR
t, = Eh;lwh (17)
P, = E it
h
It
E,=E.-t p;

Step 3. In h steps denoted as h=(2,3,---,m), E,, and F, are known. Then, it can be
obtained that

_EBFR
R
L =Ew
_Et,

It.J°
E=E _t1plT
Step 4. Cross validation Q7 >(1-0.95%) =0.0975should be tested to obtain a satisfied
input variable, where include h principal componentst,,t,,---,t, .

Step 5. The h principal components from step 4 can be applied in the following
optimization problem to solve the parameters using quadratic programming method. The
objective function can be defined as

(18)

Py

minJ(,,) = %afm%cigﬁ (19)
st. U =¢t)o+b+&, i=1..,N (20)

where we R" is weight vector, ¢(-) is nonlinear mapping function, & eR"“* s error
vector, b € Ris bias term and C>0 is penalty coefficient.
Step 6. Lagrangeis introduced to multiply withe; to construct Lagrange function,

where ¢, € R".
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L(,b, &) =%||a)||2 +%ci§f —iai [4(t)o+b+& —u,] (1)
2—;: a)—ia#ﬁ(tl) =0
L N

%:;a’i =0

oL . (22)
5E —uCE=0

i:¢(ti)+b"‘§i -u; =0

oq,

Meanwhile, the mentioned equations can be transformed into the form of matrix.

& wienlo L
L = . (23)
E ¢ +C7l || & u

Here, Eisa Nx1 matrix where the all elements equal to 1, I isa NxN unit matrix, and

a=[ayamay] s u=[UUynu ] p=[H0) ) 0t | (24)
Step7. a model of PLS-SVM regression function is defined as follows.
f(t)=iaiK(ti,tj)+b (25)

The common kernel function includes linear kernel, polynomial kernel, radial basis
kernel and so on. Because radial basis kernel has better generalization ability, it is applied
in this paper as follows.

K(t,.t;) = (t)g(t;) = exp(=[t; —t; |/ 26) (26)
where penalty coefficient C , kernel width § and the number of principal component
t are three important parameters of LS -SVR.

Step8. From the computation process of SVR, the different values of & in non-sensitive
loss function, penalty coefficient C and &* in radial basis function will lead to the
different support vector regression model. Therefore, in this paper, we select approximate
optimization of parameter sets (C,o*) based on GA by controlling the value of errors to
construct task scheduling algorithm of GA-PLS-SVM.

As mentioned above, there are two aspects should be completed. On the one hand, a bit
string space should be built asS" ={a,a,,-a. }a, =(a,,a,,--a,). Then, a, <{0,1}
makes a bit string of individual from a string of space transform into decoding function
Q :{0,13" —[u,v]in problem parameter space as follows.

V—u & .
XkZQ(aklvakZV"'yakL)=u+m(zakj2|— J) (27)
-14

where binary can be used to code p,q. In this algorithm, five binary code are applied
to code p,q, where the length of code is L =10. Suppose the former five denote p, the
last five denote g, which construct a spaceS of candidate solution that includes 2"
elements.

On the other hand, operators should be selected. First of all, individual in population
can be arranged as decreasing order from big one to small one. Second, a method is
selected using roulette. That is, suppose the fitness degree of each individual in population

N
is f,(i=1.--N), then the total fitness degree of population is ) f,. Thus, the survival

i=1
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possibility of each individual is f; /i f,.

‘ Starting ‘

v

| 0 |

v

Pretreatment of F(t)

!

‘ Classification of support vector %

4

Component analysis using partial regression
method

l Iteration of population
using GA

Optimization to parameter of support vector baseﬁ on
GA

eaching the requirement ©
precision

‘ Obtaining mutation operator of F (1) ‘

!

‘ End ‘

Figure 2. The Process of Improved Algorithm

Two operators are introduced in this section. First of all, a new self-adaptive genetic
operator is introduced to build a relationship between cross operator and fitness function
f(x) to make cross probability P, can flexibly change with the fluctuation of fitness. In

this situation, P, satisfies time-variation characteristic to promote flexible of the
algorithm.
N —
Y(f-f)
= T<t
Fo= N max(f, ~ T ) (28)
kl, T>t

Second, based on basic bit mutation, self-adaptive mutation operator is used to carry
out mutation operation for individual coding string according to some genes assigned by
mutation probability P, .The relationship between P, and fitness function f(x) is

constructed as follows.

> (1-7)
k2 1_I:1—_2 ,T St
P = N max(fi - f) (29)

ks, T>t
In order to ensure the minimum cost, P in Eq. (6) is changed to f(t) in Eq. (25).
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5. Simulation Experiment

In this paper, CloudSim is applied as the imitative experiment platform, which inherits
programming model of Gridsim to support construction and simulation of infrastructure in
cloud computing. Improved support vector genetic algorithm is realized in CloudSim.

Experiment 1. The population is 5 and the number of iterations is 100. Then, the
algorithm in this paper is compared with genetic algorithm(GA) and artificial neural
network(ANN).

From the Figure 3, it is obvious that when the number of iterations is less than 20, the
minimum cost in the proposed algorithm is slightly bigger than that of GA and ANN.
However, along with the increase of the number of iterations, the minimum cost in the
proposed algorithm is apparently smaller than that of GA and ANN.

5 — A
a GA-PLS-
w“ SVM
I
o
()
I 3
o
-
2
1
0

- 1N O M N = 1D OO N =S 1D M N o 10D OO MmN
- = N N N g [a2] T. < & 0O W O NN
opulation algebra

Figure 3. Comparison between each Algorithm when the
Number of Iterations is 100

= mn O ;n N
0 0 0 O O

100

80

60

—— GA-PLS-SVM
—GA
——ANN

40 -

Average completion time

20 +

0 T ! T ! T T T .
20 40 60 80 100
number of tasks

Figure 4. Comparison of Average Completion Time between
Three Algorithms under the Different Number of Tasks
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Experiment 2. The comparison of resource scheduling performance between three
algorithms which have the different number of tasks is demonstrated in this experiment
when the number of resources is constant. The number of resources is 30 and the average
result is determined by repeating 10 experiments showed in Figure 4.

From Figure 4, with the gradual increasing of the number of tasks, average completion
time of task becomes gradually increasing. The completion time of the proposed
algorithm is smaller than that of GA and ANN and can keep better performance of
resource scheduling.

6. Conclusion

In order to achieve effective resource scheduling in cloud computing and guarantee the
quality of cloud service, we design a fitness function which can reflect both completion
time and cost of tasks. Based on cross operation of genetic algorithm and components
selection of partial regression, some significant parameters in classification algorithm of
support vector machine are defined again to strengthen mutual learning capability and
classification ability between each items of subgroup and improve convergence
performance of algorithm. Furthermore, from the results in simulation experiment, the
proposed method represents better convergence performance and resource scheduling
capability in the different number of resources than artificial neural network(ANN)and
genetic algorithm (GA). In the final, according to the proposed algorithm, high effective
scheduling will be obtained and service cost may be reduced in cloud computing
environment. In the further, the more applications of the proposed algorithm will be
demonstrated to deal with more complex problem in cloud computing context.
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