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Abstract— The concept of workflow is used for modeling many
of the data-intensive scientific applications executed on data grids.
A Workflow is a series of interdependent tasks during which data
is processed by different tasks. Scheduling the workflows in the
grids is the process of assigning tasks to appropriate resources
with the aim of achieving goals such as reducing workflow
completion time while considering the data dependencies between
the tasks. Data access time, processing time, and waiting time
together constitute task completion time in the grids. Workflow
scheduling aims to optimize these parameters in such a way that
the workflow completion time decreases, and the system efficiency
improves. In this paper, a scheduling model based on multi-
objective optimization is proposed for scheduling data-intensive
workflows in data grids. The scheduling model aims to optimize
data communication cost, waiting time, and tasks processing time
while considering data dependencies between the tasks. The model
defines the data communication cost in terms of data transfer time
in various communications between nodes (intra- and inter-cluster
communications). This study uses four different Multi-Objective
Evolutionary Algorithms (MOEAs) as well as Random Search
(RS) algorithm to implement the proposed scheduling model.
Convenient coding mechanisms for representing chromosomes,
compatible crossover and mutation operators were also designed.
Simulation results of the proposed scheduling model using
different optimization algorithms are presented. The results are
then assessed and compared based on different quality indicators.

Index Terms— data-intensive workflow scheduling, data grid,
multi-objective optimization.

1. INTRODUCTION

Grid systems are generally developed to provide for the
increasing demands in scientific computations. It is an
infrastructure capable of integrating and coordinating high-
speed computers, networks, databases and scientific equipment
from different organizations [1]. Grids are generally applied to
process large amounts of data and computations and need to
share securely resources with various organizations.

Data grids are used for managing and sharing large amounts
of distributed data. They mainly deal with sharing and managing
large amounts of data stored across distributed repositories.
Many scientific applications need to access to large volumes of
data which is distributed across different sites [1, 2]. Today’s
large-scale, scientific applications implemented on grids are
represented by workflows. A workflow is a series of tasks,
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during which data is processed by different computational or
data manipulation tasks.

Workflows are the common model to describe many of the
scientific applications. They are generally represented by
Directed Acyclic Graphs (DAG), in which computational tasks
are denoted by nodes, and the data dependencies between tasks
are represented by edges connecting nodes [3]. Scheduling
workflows is the process of assigning tasks to appropriate
resources in such a way that data dependencies between tasks
and the efficiency criteria are met. Workflow scheduling is
generally aimed at optimizing specific parameters such as
workflow makespan.

The required time to access data makes up a fraction of task
completion time. In a communication network, efficiency of
access to large volumes of distributed data is associated with the
network bandwidth. Slow data access decreases the performance
of data-intensive applications in data grids [4]. Two types of data
communication can be defined between nodes in the grids: 1-
data communication between nodes within a cluster (intra-
cluster data communication), and 2- data communication
between nodes across different clusters (Inter-cluster data
communication). Hence, the cost of data communication
between different clusters is more than the cost of
communication within a cluster [4].

In this study, the process of data-intensive workflow
scheduling using multi-objective optimization of data access
cost, waiting time and task processing time is investigated.
Convenient coding mechanisms for representing chromosomes
as well as crossover and mutation operators were designed and
proposed to best fit the problem. Finally, the results of the
proposed workflow scheduling model wusing different
optimization algorithms were assessed and compared based on
different quality indicators.

This paper is structured as follows. A brief review of related
works is presented in Section 2. Multi-objective optimization is
explained in Section 3. The proposed scheduling model for data-
intensive workflows in data grids is explained in Section 4. In
Section 5, the proposed structure for implementing the workflow
scheduling model is described. This structure comprises coding
mechanism, compatible crossover and mutation operators.
Simulation results of the proposed scheduling model for a 60-
task Epigenomics workflow are presented in Section 6.
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Performance of different optimization algorithms is then
assessed and compared based on the quality indicators. The
discussion of the results is presented in Section 7. Finally, in
Section 8, conclusions and suggestions for further works are
described.

II. RELATED WORK

Workflows are presented by DAG graph where nodes denote
tasks, and edges of the graph show the data dependencies
between tasks. In DAG graph, the weights of the nodes represent
the computational complexity and the weights of the edges
represent the volume of data communication.

Assume that the workflow W (T, E) comprises a set of tasks
T={Ti, T2, T3,...Tx, Ty, T} and a set of dependencies between
tasks E= {<Ty, T>>, ..., <Ty, Ty>}. The set R= {Ry, Ry, R3...Rin}
represents the resources (nodes) of the grid. Here the problem of
workflow scheduling is assigning the tasks to the nodes in the
grid in such a way that the parameters of the scheduling process
are optimized. A task in a workflow comprises a set of
instructions that can be executed on a processing element in one
node of the grid. In a workflow, the child task must be executed
after all the parent tasks [5].

Various heuristic and metaheuristic strategies have been
proposed to obtain near-optimal solutions in workflow
scheduling in the grids [5]. In [6] Myopic method is proposed as
a simple heuristic method for scheduling tasks in the grid. This
method assigns an unscheduled ready task to a node which is
expected to complete the task fastest. This continues until all the
tasks are assigned and completed [5, 6.]

Min-Min and Max-Min methods are among the heuristic
scheduling methods that are presented in [7] by Maheswaran et
al. These methods prioritize the tasks in the workflow and then
schedule them according to the calculated priority. Min-Min
method is a list-based scheduling method which determines the
priority of the tasks based on the Expected Completion Time
(ECT) of the tasks on the resources. Min-Min method
determines the lowest ECT for each task (MCT), and the priority
is with the task that has the lowest MCT among other tasks.

Max-Min is similar to Min-Min method. They differ in terms
of the priority assignment. In Max-Min the priority goes to the
task that requires the highest execution time. In fact, Max-Min
method attempts to reduce the execution time of the workflow
by allocating longer tasks to better resources. In [8]
heterogeneous earliest finish time (HEFT) algorithm is
presented for workflow scheduling. In this algorithm the highest
priority goes to the task of higher rank. This rank is based on the
average computation cost of each task and the mean
communication cost between the current task and its immediate
successor tasks. In the next step tasks are sorted into descending
order, and the higher priority is assigned to the task with higher
rank. In the resource selection, the tasks scheduling is done
based on the priorities, and each task is allocated to the resource
which can finish the task first. In HEFT method, when
calculating priorities, the entire workflow is considered instead
of the independent unmapped tasks at each level.

There are metaheuristic methods, as well as the heuristic
ones, which are used in workflow scheduling in grids. In [9] a
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local search algorithm is presented based on GRASP for
scheduling workflows [10]. GRASP is a greedy randomized
adaptive search procedure in which several iterations are
performed to find a near optimal solution for assigning tasks to
the resources.

There are several examples of applying metaheuristic
algorithms to workflow scheduling in grids. In [11] the authors
provide a budget constraint-based workflow scheduling model
in service-oriented grids (utility grids) using genetic algorithm.
An algorithm to schedule workflows in the grid, using a multi-
objective genetic algorithm, is presented in [12]. Its results are
evaluated based on the quality assessment indicators such as HV
and Epsilon.

In [13], a multi-objective scheduling of scientific workflows
in heterogeneous grid systems is presented. A constraints vector
is specified for each purpose used to find the optimal solutions
in the search space. The proposed algorithm finds an optimal
solution using multi-objective optimization with the aim of
maximizing the distance between the constraints vector and the
dominant solutions and reducing it for other solutions.

A workflow scheduling method using multi-objective
optimization algorithm for the service based grid system is
proposed in [14]. It purposes to optimize the execution time as
well as considering the time and budget constraints. A workflow
scheduling method using multi-objective  differential
evolutionary (MODE) is proposed in [15]. This method aims to
produce a set of solutions based on the requirements related to a
user-defined service. Several parallel models of six MOEAs are
proposed in [16] to solve the heterogeneous computing
scheduling problem.

In [17], a performance and cost optimization model for
provisioning the grid resources to execute application workflows
is proposed. In this model, the completion time of the tasks on
the resources is assumed to be estimated. This model is intended
to minimize the cost and the makespan of the application. A
general model for workflow scheduling based on multiple
criteria is also proposed in [18]. A general investigation on
different aspects of workflow scheduling in grid systems
including the model of the tasks and workflows, the scheduling
mechanism and the optimization criteria, and the model of grid
resources has been conducted.

This paper proposes a model for scheduling data-intensive
workflows in cluster-based data grids using multi-objective
optimization. It mainly focuses on optimizing the parameters of
data access cost, waiting time and processing time of tasks.
Efficiency of access to a large amount of distributed data in a
communication environment depends on the network
bandwidth. To better optimize the data access cost, this paper
considers two types of data communication in a cluster-based
data grid, which were adapted from [4]. The contribution of the
proposed approach is twofold. First, we propose a scheduling
model and an implementation structure which consists of a
coding structure, compatible crossover, and mutation operators
for implementing the proposed model using the multi-objective
optimization algorithms. Second, the efficiency of different
optimization algorithms in the proposed model is compared
based on quality assessment indicators.



III. MULTI-OBJECTIVE OPTIMIZATION

Many of the real world problems are in need of simultaneous
optimization of several objective functions. If an optimization
problem has more than one objective function, finding one or
more optimal solutions is called multi-objective optimization
[19]. Generally, objective functions are not of the same type;
they often come with conflicting objectives. Multi-objective
optimization with such objective functions generate a set of
optimal solutions instead of a single one. Contrary to a problem
that concerns with the optimization of a single objective, in this
condition, there is no exclusive solution, but a set of solutions
presenting different compromises between the values of
optimization functions are available. These optimized solutions
are known as Pareto-optimal solutions.

A Multi-objective Optimization Problem (MOP) generally
consists of multiple objectives which should be simultaneously
optimized, and are limited by multiple constraints at the same
time. A general expression of a MOP is as follows:

Min/ max
Subject to

F(x) = [fi(x), [2(x)... fu(x)]
G(x) = [gi1(x), 22(%)... g(x)] = 0
H(x)= [hi(x), ha(x)...hj(x)]=0
XE Q

The MOP solution is a vector of x € Q decision variables
which meet the equality and inequality constraints defined by
G(x) and H(x) and, provide appropriate compromised values for
fi(x) functions.

In multi-objective optimization problems, one of the
following conditions can occur for x; and X, solutions: one
solution is dominated by the other one, or both of them remain
nondominated. The solution x; can dominate X, in a
minimization problem if the following two conditions are
satisfied:

(M

Viie({l,..,n} fi(x) < fi(xy),
3j j € {1,..,n} fi(x;) <fi(xz) 2

If one of the above conditions is false, X; solution cannot
dominate X,. If X; dominates X5, X, is called nondominated
solution (dominant). Nondominated solutions in the entire
search space are called Pareto-optimal solutions [16].

The basic reason behind using Pareto is to find a set of
nondominated solutions in the population. After the first studies
on evolutionary multi-objective optimization, multiple Pareto-
based algorithms were suggested which did not explicitly
include elitism. But a few years later, the significance of this
concept was discovered in multi-objective investigations, and
then several multi-objective evolutionary elitist algorithms
including PAES and SPEA were presented. SPEA is the basis
for SPEA2 [20, 21].

Some of the most important classic and modern multi-
objective optimization elitist algorithms used in the
implementation of the proposed scheduling model, are NSGAII
[22], SPEA2, PAES [23], and MOCell [24].
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IV. PROPOSED WORKFLOW SCHEDULING MODEL

It is assumed that the workflow W (T, E) comprises a set of
tasks T; (1<i<n) and a set of dependencies between tasks
E={<T,,T>>,...,<Tx,Ty>} where Ty is the parent task of Ty.

It is assumed that m is the number of nodes in the grid, PSi ; 1s
the processing time of task T; on node S;, and DCi ; is the time
required to transfer the data to node S;(data access cost). In the
communication network of a grid system, there are two types of
data communication (intra- and inter-cluster communications).
The cost model of these communications in [4] is defined as
follows.

Assume that task 7; is assigned to node S; to be processed. R;
is the list of all required data replicas for task 7;, which have been
spread out in various sites, and By is the network bandwidth
between node i and node j. If task 7; is assigned to node S; in
cluster c/, then the data communication cost between different
clusters Inter_C; ¢, is as follows:

Inter_C;c1 = Yrorall Fy in Ry smeer |Fk |/Bjk 3)

Where R; inter is the subset of the required replicas which
reside in other clusters, Fxis the kth data replica in R; j¢er » [Fk|
is the size of the replica, Bjx is the network bandwidth between
node S; and the source node of the kth replica.

The data communication cost within a cluster Intra_C; s is
given by

Intra_Cys; = Yrorall Fg in Ry jneral Fxl/B- 4)

Where R; ;14 is the subset of the required replicas which
reside in the local cluster, and B is the network bandwidth
between nodes in the cluster. Bandwidth between nodes in a
cluster are roughly the same [4].

The data access cost of task 7;on node S;is defined as

DCé; = Inter_Cycq + Intra_C; s. 3)

Waiting time in the queue (queuing latency) is another
constituent parameter of the completion time of the task. The
completion time of task T; in the grid, considering the waiting
jobs in the queue, can be obtained using the following equation:

cT; = 3j, (DCS; + PE;) + (DC; + PY)) 6)

Where the £ =1...m are the tasks which have been queued at
node S; before task T;.

The execution of the workflow is considered to be level by
level, starting from level one going down to other levels,
respectively. The aim of workflow scheduling in the grid is to
schedule tasks T; (i = 1...n) to the nodes in such a way that the
data access cost, the waiting time, and the tasks processing time
are reduced while ensuring that the data dependencies between
tasks are satisfied. The proposed scheduling model for data-
intensive workflows in data grids based on multi-objective
optimization is as follows:

The proposed multi-objective optimization model for
scheduling workflow I aims to minimize the following two
objectives:

1: Data access cost in workflow I =
Zfor all Tasks inworkflow I Inter-ci,C1 +
Y for all Tasks inworkfiow 1 INtra_Cy sj)



2: Waiting time + processing time of tasks in workflow I =
i —
Zfor all levels of Tasks in workflow I(WPT) b=

Max i
Z'=1i eli (WPT)'

Subject to: (data dependencies in workflow I)

The Constraint is satisfying the data dependencies in
workflow 1.

In the above scheduling model, I; is the i level of the tasks
in workflow I.

V. PROPOSED IMPLEMENTATION STRUCTURE

In this paper, a scheduling model based on multi-objective
optimization is proposed for scheduling tasks in data-intensive
workflows in cluster-based data grids. The proposed structure to
implement the scheduling model using multi-objective
optimization algorithms is as follows:

The order of tasks execution in the workflow is considered
to be level by level in the proposed structure. This means that the
existing tasks in each level are executed only if the tasks in the
previous levels are executed in advance. Data dependencies
between tasks are met in this way.

To implement the proposed workflow scheduling model
using multi-objective optimization algorithms, a three-level
structure is proposed for coding individuals in the scheduling
problem. The first level shows the order of tasks execution in
different levels of the workflow. The second level shows the
cluster of the scheduled task in level one, and the third level
illustrates the node (of the cluster) to which the scheduled task
is assigned. In fact, the first level contains the number of the task,
while the second and the third levels contain the cluster and the
node number to which the task is assigned. Figure 1 illustrates a
view of an individual's chromosome structure for the workflow.

The initial population is randomly generated considering the
data dependencies between the tasks. Creating impossible
solutions is avoided in the initial population.

A. Crossover and Mutation Operators

In this section, convenient crossover and mutation operators,
according to the chromosome structure, are proposed for

Level 1 T, T, T;
TN
T TS
Ve

X
Level 3 Ts

Level 2

generating new individuals through manipulating a part of the
previous generation's structure. In evolutionary algorithms,
crossover operators help to explore the search space
significantly. There are different crossover operators such as
single-point, two-point and multi-point operators. In the
implementation structure, a two-point crossover operator is
proposed for the three-level structure of the individuals. The
points related to the crossover operator are randomly selected for
the two corresponding parents. Figure 2 illustrates the results of
the crossover operator on the individuals.

Mutation operator is used to preserve diversity in the
population. Two types of mutation operators are proposed to be
applied on the three-level structure of the individuals. The
mutation operators work as follows:

Type 1: a task is randomly selected. The cluster and node
numbers assigned to the task on the second and third levels are
randomly replaced with values from the possible value ranges.

Type 2: two tasks are randomly selected from the individual
structure, and the values of the cluster and the node numbers
assigned to them are exchanged.

Figure 3 shows an example of applying the proposed
mutation operators to the individuals.

VI. SIMULATION

In this paper, both OptorSim and jMetal tools are used to
simulate the scheduling model according to the proposed
implementation structure. OptorSim is a simulation tool for data
grids and has been developed for the European Data Grid project
[25, 26]. jMetal is a framework used to implement multi-
objective optimization using metaheuristic algorithms, e.g.
evolutionary algorithms. In this paper, the scheduling model is
simulated based on the proposed implementation structure using
well-known multi-objective optimization algorithms such as
NSGAII, SPEA2, PAES, MOCell and Random Search. The
result of each algorithm is evaluated based on three quality
assessment indicators: HyperVolume, Epsilon and Spread. The
experiment environment and simulation results are explained in
this section.

Level1 Level 2 Level 3

f—/%
‘Tl ‘TZ ‘T3 ‘m |T5 ‘TG |
‘c1 ‘cs ‘c1 ‘cz |c4 ‘ca |
Three-Level
Encoding
C1-C4: Clusters

‘Nl ‘N4 ‘NS |N1 |N3 |N2 |

N1-N10 : Nodes in each Cluster

Fig. 1. Individual's chromosome structure
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Fig. 3. Applying proposed mutation operators to the individuals

A. Experiment Environment

In OptorSim, a data grid comprises several nodes. These
nodes have computing and storage resources. Each node can
have none or multiple computing elements and none or multiple
storage resources. The computing element provides the required
computation resource for task execution and uses the required
replicas. If any of these replicas does not exist in the storage
element of the node in which the task is executed, it should be
fetched from other nodes. There is a resource broker element in
each simulated grid which accepts the incoming tasks sent from
users, and assigns each task to a proper node based on a
scheduling policy [25, 26].

The behavior of OptorSim simulator is determined by three
configuration files: grid configuration, job configuration and
simulation parameters files. The topology of the simulated grid,
the communication network between nodes and the content of
each node are described in the grid configuration file. The job
configuration file comprises information on distributed data
files, tasks and processing policies of each node (the tasks each
node will accept and run). The simulation parameters file also
describes the general simulation parameters [26]. In this
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simulation, the data grid environment and the related features of
OptorSim are used for simulating the proposed workflow
scheduling model. The gird topology used in the simulation
process is shown in Fig. 4. This grid consists of 3 clusters and
27 nodes, 13 of which have both identical computing and storage
elements. As a master storage element, node number 17 stores
the master copies of all files. The other nodes are communicating
elements in the network which do not include built-in computing
or storage elements. The communication bandwidth varies in
different parts. Dotted lines in Fig. 4 show the inter-cluster data
communication links. The communication bandwidth between
different clusters is 500Mb/s. The bandwidth between nodes and
switches at the first level within clusters is 1000Mb/s, and the
communication bandwidth between the switches of level one
and the switches of upper level is 2000Mb/s.

In this study, a sample of Epigenomics workflow with 60
different tasks is used. Each task has a variety of data
requirements and needs different number of files. Data
dependencies between tasks are also defined in a dependency
configuration file. Tasks access their required files sequentially.
Figure 5 shows a small Epigenomics workflow. Table 1
illustrates the simulation parameters of the experiment.



B. Simulation Results

In this section, the results of the simulating scheduling model
using NSGAIIL SPEA2, PAES, and MOCell and Random Search
are provided. Table 2 describes the parameters of the multi-
objective optimization algorithms used in the simulation. Figure
6 shows the approximated solutions for scheduling an
Epigenomics workflow (with 60 tasks) in the data grid illustrated
in section A. The approximated Pareto front solutions result
from 10 independent runs of each algorithm.

In this study, the quality indicators HyperVolum, Epsilon
and Spread are used to compare the results and evaluate the
performance of the used algorithms. HV quality indicator (Ix)
[27] measures the covered space by the approximated solutions
of each algorithm against the optimal Pareto front and illustrates
the extent to which the solutions resulted from each algorithm
cover the optimal Pareto front. The higher the HV quality
indicator, the better the convergence and coverage of the optimal
Pareto front. Epsilon indicator (1) [28] shows how different two

A~
S

Clusterl ~

s00Mb/s

g
o

2000Mb/s

Cluster2

sets of solutions are. I, indicator provides a factor which shows,
regarding all the objective functions, how worse a set of
solutions is when compared with the other one [28]. The lower
value of I, is preferable. Spread indicator measures the spread of
the solutions. It is desirable to find a set of solutions which is
spread all across the optimal Pareto front. For uniform and most
widely spread distribution, the value of this indicator is zero
[22]. The lower the value of this indicator, the better the spread
of solutions.

To evaluate the performance of the algorithms based on the
mentioned quality indicators, a reference Pareto front is needed.
In order to build the reference Pareto front, each algorithm was
run 50 times independently, and a reference Pareto front set was
formed by merging all the resulting nondominated fronts. Table
3 shows the mean and the standard deviation of HyperVolum,
Epsilon and Spread indicator values for the results from 10
independent runs of each algorithm.

Cluster3

Fig. 4. Topology of the simulated cluster grid

TABLE 1 Grid configuration and job configuration parameters

Grid Configuration and job configuration Parameters
No. of Clusters = 3

No. of Sites =27

No. of Sites with Computing Element =13

No. of Sites with Storage Elements = 14

Storage at Site 17= 100 GB, Storage at Other Sites = 10 GB
Bandwidth -> WAN: 500Mb/s, LAN: 1000Mb/s , 2000Mb/s
No. of tasks in workflow = 60

No. Initial Files = 300

Size of Single File=1 GB

Fig. 5. A small Epigenomics workflow

TABLE 2 parameters of the multi-objective optimization algorithms

populationSize 100
maxEvaluations 2500
mutationProbability 0.2
crossoverProbability 0.9
archiveSize (for MOCell, SPEA2, PAES) 100
Feedback (for MOCell) 20
biSections (for PAES) 5
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Fig. 6. Pareto front solutions of each algorithms

VII. DISCUSSION

The results from 10 independent runs of different multi-
objective evolutionary algorithms as well as Random Search
were achieved and compared with each other based on the
different quality assessment indicators.

According to the simulation results, PAES and MOCell
algorithms have the highest values of HV as shown in Table 3
and provide better coverage of the optimal Pareto front. PAES
and MOCell algorithms have the lowest values for Epsilon
indicator. Their nondominated solutions have the slightest
difference with the reference set. According to Table 3, solutions
of the Random Search and MOCell algorithms have the highest
spread within the optimal Pareto front.

31

VIII. CONCLUSION

In this study, a data-intensive workflow scheduling based on
multi-objective optimization with compatible implementation
structure was proposed. The proposed model aims to optimize
data communication cost, waiting time, and task processing time
while ensuring that data dependencies between tasks are met. A
convenient implementation structure for the proposed model
was also presented which comprised coding mechanisms for
representing chromosomes, compatible crossover and mutation
operators. The proposed implementation structure uses a 3-level
structure to code the problem. Therefore, compatible crossover
and mutation operators were designed and applied according to
the 3-level structure. Simulation results of the proposed
scheduling model using different optimization algorithms were
presented. Results were then assessed and compared based on
different quality indicators. Quality indicator values present that



MOCell generally provides better solutions in terms of

convergence, spread and coverage of the Pareto-optimal front.
Improving scheduling model to support various types of

scientific workflows in new infrastructures such as geo-

distributed clouds, and using various quality indicators to
investigate other aspects of approximated solutions may be
regarded as the base for further studies.

TABLE 3 HV, Epsilon and Spread mean and standard deviation

NSGAIL

HV mean and standard deviation 3.43e-01 g400

2.81e+02 550101
8.64e-01 4.2¢-02

Epsilon mean and standard deviation

Spread mean and standard deviation
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