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ABSTRACT

Data Grid consists of geographically distributed computing and storage resources that are
used in large scale scientific applications such as high energy physics, bioinformatics, climate
modeling. Scheduling and Replication are two well-known techniques to boost the performance
of Data Grid. There has been research on integrating both the techniques in Data Grids to
improve performance. However, most of the work is heuristic based. In their work, data
replication is used to minimize the file transfer time thus total job execution time of all the sites,
while scheduling is used to minimize the maximum job execution time (so called makespan)
among all the sites. We propose to utilize both data replication and job scheduling to minimize
the total job execution time in Data Grid, and formulate our Data Replication and Job Scheduling
Problem. Unlike previous work, our problem seamlessly integrates both techniques into one
framework. This problem is NP-hard. We first propose a Job Scheduling and Data Replication
algorithm whose performance is provable theoretically, and which also dramatically reduces time
complexity compared to that of the optimal algorithm. We then design a series of heuristic
algorithms to further reduce the time complexity of our Job Scheduling and Data Replication
algorithm. Using simulations, we demonstrate that the heuristic algorithms perform comparably

to the Job Scheduling and Data Replication algorithm.
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Chapter 1

INTRODUCTION

Much of the scientific research and applications currently pursued such as global climate
change, high energy physics, climate modeling, earthquake monitoring, bioinformatics and
astrophysics are data intensive. The data requirements for these scientific applications have been
growing at an unprecedented rate in both volume and scale with huge input data sets. Data output
generated by these applications, typically in the range of petabytes which is continuing to
increase exponentially, are widely accessed globally for research and analysis. The Data Grid has
emerged as a new technology to unify the numerous geographically distributed computation,
storage and networking resources that offer comprehensive solutions for data intensive
applications.

The major functionalities of Data Grid include high performance storage mechanism,
reliable data transfer mechanism with low latency transfer protocols, scalable replica discovery
and management mechanism that need to access, process and transfer large data sets stored in
distributed repositories [1][2]. In data intensive applications data plays an important role. The
jobs submitted by the users in these applications require huge input data sets distributed
geographically and transferring these large-sized data takes tremendous amount of time. The data
transfer time also depends on the site chosen for executing the job. If the input data sets for the
job are located remotely in a storage site, then the time taken to transfer these data sets to the site
of execution is huge and cannot be ignored. Performance is further throttled by the underlying
network, bandwidth consumption, and failure of nodes.

Scheduling and replication are two effective mechanisms that can enhance the

performance of Data Grid. Scheduling is to map a set of independent jobs each of which requires



multiple input files onto a set of sites to meet certain objectives under constraints. The objective
of scheduling is usually to minimize the maximum job completion time among all the sites also
called makespan. Minimizing makespan is to utilize all the resources of the grid to its maximum
potential thus making it an objective from system administrator perspective. When scheduling a
job to a site the data transfer time has to be taken into consideration. Replication is a technique
that creates multiple copies of the most accessed data in selected sites thereby reducing the data
transfer time and bandwidth consumption. Minimizing total execution time is from the users’
perspective to complete their jobs as soon as possible. Job is executed much faster when there
are more replica copies of the data available, because in data intensive applications data transfer
time dominates job execution time.

Integrating scheduling and replication to optimize the system performance in Data Grid
has been an active research. Doing scheduling without replication places an overhead of data
transfer time as each of the file in job’s input data set has to be fetched remotely. Doing
replication without scheduling of jobs does not result in effective utilization of all the Data Grid
resources, as moving large-sized data costs more bandwidths and takes longer transfer time than
moving jobs does. So it is essential to integrate the two as both the processes are complementary
with replication bringing the input data sets closer to the jobs and scheduling moving the jobs
closer to its input data sets. So in this work we focus on integrating scheduling and replication to
boost the performance of the Data Grid.

Most of the previous work on integrating scheduling and replication have considered
them as two independent mechanisms; one with the objective of minimizing makespan and the
other minimizing total job execution time. Since these two objectives are different, it is difficult

to optimize both; therefore most of them are heuristic based without performance guarantee. In



this work we propose to integrate scheduling and replication into one framework for the sole
goal of minimizing the total job execution time of the entire Data Grid. We propose a Job
Scheduling and Data Replication algorithm which gives us a constant ratio performance
guarantee at the same time reducing the time complexity dramatically compared to optimal
solution. We further propose a set of more time efficient heuristics and show their performance is
comparable to our Job Scheduling and Data Replication algorithm. We validate our results by
extensive simulations.
1.1 Contribution to Thesis
1. To the best of our knowledge, our work is the first one to formally formulate and study
the Integrated Replication and Scheduling Problem in one framework with the objective
of minimizing the total job execution time in Data Grid.
2. We propose a Job Scheduling and Data Replication algorithm with constant performance
ratio whose time complexity much lower than that of the optimal.
3. We propose a set of heuristics and show through simulations that the performance is

comparable to our job scheduling and replication algorithm.



Chapter 2

LITERATURE REVIEW

2.1 Related Work

Related work can be viewed from the aspects of scheduling and replication. In Data Grids
each of the technique has been a widely researched topic. Scheduling has been studied in [4-13]
and replication in [14-17]. However in this work we focus on those works that combine the two
techniques [18-25].

Ranganathan and Foster [18] have considered an approach by decoupling computation
from data scheduling. The paper proposes a set of independent scheduling and replication
algorithms. They describe four scheduling algorithms namely JobRandom, JobLeastLoaded,
JobDataPresent and JobLocal and three replication algorithms namely DataDoNothing,
DataRandom, Datal.eastLoaded. They have performed evaluations based on each combination of
a scheduling and a replication algorithm. These algorithms are designed where a job requires a
single input file. In our work we consider a more realistic environment where a job requires
multiple input files which are distributed across different sites. The scheduling logic in this case
has to take the minimum data transfer time of all the files in the data set into picture when
calculating the job execution time in a site.

Zomanya et al. in [19] define a replica framework which contains an application
analyzer, application manger, replica manger and replica placement service to minimize the data
access cost. Replicas are decided based on data access patterns, correlation, rank, data locations,
and user and application behavior. Scheduling is done based on the popular tabu search heuristic
that utilizes the replication information to dispatch tasks to resources to meet the objective of

minimizing the makespan.



Chang et al. [20] developed the Hierarchical Cluster Scheduling algorithm (HCS) and
Hierarchical Replication Strategy (HRS). The algorithm aims at creating local copies of data so
that they can be fetched quickly. The idea of the HRS algorithm is to maximize the data
availability within the cluster by creating replicas. The HCS algorithm takes into account the
computational capacity, data location and also clusters’ information as input to get the data
availability within it.

Job scheduling and data placement are coupled in [22]. The authors have proposed an
Integrated Replication and Scheduling strategy. Jobs and data are scheduled alternatively. The
jobs are scheduled by the job scheduling algorithm optimizing the average job latency. At the
end of scheduling the popularity of the files required by a set of tasks are calculated and
replication is done to facilitate ease of data access for the next set of tasks. The drawback in the
algorithm is that the next set of jobs may or may not access the same data sets.

In [23] Bell et al. have implemented the optimization techniques for scheduling and
replication in a simulator called OptorSim and evaluated the results. Dang et al. in [24] have
proposed heuristics for scheduling and replication independently. But they need to integrate the
scheduling system with the replication to perform as a whole system together; the interaction
between both is not detailed in the paper.

In all these work deciding replicas and location to put the replicas employ heuristics
based on access patterns of data. In our work we not only consider the data access patterns but
also use it to implement a replication technique with provable performance guarantee.

Gaurav et al. in [25] has detailed a task scheduling and file replication mechanism for a
batch of data intensive tasks that exhibit batch-shared 1/O behavior. Batch shared I/O behavior

means the same file is the input of multiple tasks in a batch. A 0-1 Integer Programming based



approach is formulated and a Bi Partition heuristic that decouples scheduling and replication is

proposed.

In [21] Desperez et al. combine data management and scheduling using a steady state

approach. The problem is defined as a linear program. The objective is to maximize the

throughput. Heuristic for approximating integer solution of the linear program does not give a

good mapping of data, in worst cases it may be far from optimal unlike our approach where we

prove our Job Scheduling and Data Replication algorithm with performance bound of a constant

ratio to the optimal. Also their work does not take storage of resources as a constraint whereas

we take the storage limit of resources as a constraint. Below is a table comparing the features of

the above literature.

References Network Model Scheduling Replication

C; izt?glzu:ed d/ Objective Methodology CI;‘;;:?[!E:&%/ Static/ Dynamic]  Objective Methodology
Decoupling Hierarchical Distributed Minimize Random, Least |Distributed Dynamic Minimize total ~ |Do Nothing,
Computation and |topology, Average job Loaded, Data access cost Random, Least
Data Scheduling injhomogeneous completion time  |Available, Local Loaded neighbor
Distributed Data- |network, single input scheduling
Intensive file for each job
Applications [18]
Integration of Hierarchical topology|Centralized Minimize queuing|Match and Cost |Centralized Dynamic Minimize latency |Replication
Scheduling and latency based Scheduling| to access files  |based on data
Replication in demand after a
Data Grids[22] round of job

scheduling
Simultaneous Cluster topology, Centralized, Maximize Integer Centralized Static Maximize Integer
Scheduling of homogeneous static throughput Approximation throughput Approximation
Replication and  |network Solution, Greedy Solution, Greedy
Computation for Approximation Approximation
Data-Intensive
Applications on
the Grid[21]
Job scheduling Hierarchical topology|Centralized Minimize Total |Match based Centralized Dynamic Minimize inter ~ |Replicates all the
and data job execution  [scheduling cluster files required by
replication on data time communication |job locally, LFU
grids[20] cost for replica
replacement

Intelligent Hierarchical topology|Centralized Minimize Tabu Search Dynamic Centralized Minimize access |Algorithms for
scheduling and makespan cost replica placement]
replication: a and caching
synergistic based on rank
approach [19] and correlation

of data

Table 1: Summary of Previous Work on Integrating Scheduling and Replication



While the above work considers scheduling and replication as two separate mechanisms
and proposes heuristics for each, ours is the first one to consider them as a combined mechanism
that work together to achieve one objective of minimizing the total execution time. Thus in this
work we integrate them in the true sense.

2.2 Organization of Thesis

The remaining thesis is organized as follows. In Chapter 3, we state the assumptions in
the grid model and formulate the problem. In Chapter 4, we first propose a Job Scheduling and
Data Replication algorithm and show its constant performance ratio. Even though it has a much
lower time complexity than the optimal algorithm, it is still an exponential algorithm. Therefore
we propose a series of heuristic algorithms and discuss their time complexity. In Chapter 5 we
show the simulation results by comparing our Job Scheduling and Data Replication algorithm
with the set of heuristics for different parameters such as job size, number of files, storage

capacities. Finally, in Chapter 6 we draw conclusions and detail on possibilities of future work.



Chapter 3

MODELS AND PROBLEMS

3.1 Network Model and Assumptions

A Data Grid is modeled as a Graph G = (V, E)) where the set of vertices V = {1, 2,..,n}
represents the sites in the Grid. E is the set of weighted edges of the graph which may represent
transmission bandwidth, distance between nodes, delay or loss rate. In our model the weight of
an edge represents bandwidth. We assume all edges have uniform bandwidth represented by B.

There are m data files F = {fy, f3,.. fm} , and §; e V is the site which contains the master copy

of file f Iz A site can have master copy of multiple data files. Let size; be the size of file f It Let

c; be the storage capacity of each site i (note that for a site i, ¢; is the storage available after
storing its master files).

Data Grid users have jobs to be executed which they submit to their own sites. These jobs
are executed in FIFO order within that site. As illustrated in Fig.1 below is a small example of a

Data Grid with 5 sites, 10 files, and 5 jobs. The input files for each job are also shown.

job, ffa fy

job, | f5, 6. fo

T I ] N
4
fy, 13, T

job,

jobs fa fs. fy

Figure 1: Data Grid Model



Let us assume there are mn; jobs submitted in site i given by the set
Ji = {jobj1,job;y, ...job;y }, and each joby, (1 <k < n;) requires Fy < F as input files for
execution. The transmission time of sending data file f; where f; € Fj, along any edge
is sizej/B. Let t;; be the number of transmissions to transmit a data file from site i to site j
(which is equal to the number of edges between those sites). We do not consider the file
propagation time along the edge, since it is negligible as compared to transmission time. Also in
our model since we consider data intensive scenarios we assume processing time of a job to be
comparatively negligible and hence ignore it. The execution time of job;, in site i will be the
time required to transfer all the input files from their source site to site I:
Yjery tis, X size /B where j = f; -1

If we use w;; to denote the number of times the site i needs f; as an input file, then w;; =

ng
k=1

county, where count, = 1if f; € Fy, and count, = 0 otherwise. The execution time of
all jobs queued in site i before replication and job scheduling is equivalent to the total
transmission time spent to get all the files needed for site i . This will be:
Tmawy X tis, X size;/B -2
Let J denote the entire set of jobs in the Data Grid, i.e. ] = U ;. J; . Let ¢ = |J| be the
total number of jobs in the Data Grid. The total job execution time before job scheduling and file
replication in the Data Grid is the sum of the job execution time of each site:
e X Wy X tis; X sizej/B -3
The objective of our file replication and job scheduling problem is to minimize the total
execution time of the Data Grid by replicating data files and scheduling independent jobs (i.e.

moving the jobs from one site to another to execute) in the Data Grid. Given below, is a formal

definition of the file replication and job scheduling problem.
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Problem Formulation

A scheduling function is defined as s : | — V, indicating that a job i € J is scheduled to
node s(i) € V for execution. Assume that for scheduling, the Grid site i has a set of n] jobs
] = {job};, job},,job ...jobsnf} and each job job;, (1 <k < nj) needs a subset F;j, of F as
its input files for execution.

If we use w;; to denote the number of times that site i needs f; as its input file after

scheduling s, then w;; = ZZ‘; count, , where count, =1if f; € Fjj, and count, =0
otherwise. Since the set of input files for each job do not change before and after job is
scheduled, we have }i_; w;; = Y., w;; for any data file f;. With the job scheduling s, without
any replication, the total execution time is
LiXfLiw; X tis, X sizej/B -4

Next we study integrating replication and job scheduling to minimize the total execution
time. The data replication and scheduling problem in the Data Grid is to select a set of sets
M = {Ry, Ry, ....Rp} where R; SV is a set of Grid sites that contains a replica copy of file f;,
and to find a scheduling function s, to minimize the total execution time in the Data Grid:

(G, M,s) = Yo Ximawij X Mminges;urtic X size;/B -5
under the storage capacity constraint that |{R]-|i € R; }| < ¢; for alli € V, which means that
each Grid site i appears in, at most, ¢; sets of M. The file accessed by each site is a replica copy
available in the closest site.

S,

ij cannot change arbitrarily as long as it satisfies

Note that in the above equation w
n

i=1Wij = Xi=1 w;; for any data file f;. w;} is determined by the scheduling function s.

This problem in NP-hard, since the data replication problem without scheduling is NP-hard [17].

10



Chapter 4
INTEGRATED SCHEDULING AND REPLICATION

4.1 Algorithms and Theoretical Analysis

In this section we propose the Job Scheduling and Data Replication algorithm and show its
constant performance ratio by theoretical analysis. Before that we present the replication
algorithm from [17] and call it in the Job Scheduling and Data Replication algorithm. Even
though the proposed algorithm has a much lower time complexity than the optimal algorithm, it
is still an exponential algorithm. Therefore we propose a series of heuristic algorithms and
discuss their time complexity.

Algorithm 1: Replication Algorithm for Scheduling s
begin
M=R;= R, = R, = 0;
while (the total access cost can still be reduced by replicating data files in Data Grid)
Among all sites with available storage capacity and all data files, let replicating
data file f; in site j gives the maximum 7 (G, {Ry, Ry, ...,Rn},5) — 7 (G,
{Ri,R,,...R; U{},..,Rn},5);
Ri= R; U{j}
end
return M = {Ry,R,, ... Ry} and 7;
end
The greedy replication algorithm takes place in rounds. In each round, a file is replicated on a
site that gives maximum reduction in the total execution time.

Next, for all of the n? scheduling outputs, we run above centralized replication algorithm,
and find the replica set and job placement which give the minimum total execution time, shown

in below algorithm.
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Algorithm 2: Job Scheduling and Data Replication Algorithm
begin
for each of the n? scheduling s
Run Algorithm 1;
Find the one that gives the minimum 7 , denoted as 7,,;,;
Output the corresponding M, S, and T,,jp;
end for
end

Below we show that 7,,;,, is close to the optimal total execution time with some constant
performance ratio. Before we show that Algorithm 2 yields a constant performance ratio, we first
show our previous result [17] for Algorithm 1, which is shown in Theorem 1 below.

Theorem 1: For each job scheduling, if the total job execution time without replication is less
than 40 times the optimal job execution time using optimal data replication algorithm, then the
total job execution time yielded by Algorithm 1 is less than 20.5 times the optimal total job
execution time corresponding to that job scheduling.

Now we show the performance guarantee by Algorithm 2.

Theorem 2: For each job scheduling, if the total job execution time without replication is less
than 40 times the optimal job execution time using optimal data replication algorithm, then the
total job execution time yielded by Algorithm 2 is less than 20.5 times the optimal total job
execution time in the optimal Job Scheduling and Data Replication algorithm.

Proof: We have n? different job scheduling; each one has a corresponding replica set from
Algorithm 1. Let O be the optimal total job execution time among all the ((C5)™ X (n)9) job
scheduling and replication solutions. Let 7, be the total job execution time for the X" job
placement and greedy replication algorithm (Algorithm 1). Let O, be the optimal job execution

corresponding to the x™ job scheduling. Without loss of generality, assume that the x™ job

12



scheduling is the job scheduling in the optimal solution, then O, = O . Let 1,,;, be the minimum
total job execution time yielded by Algorithm 2. Then 7,,;, < 7,. From Theorem 1, we have
7, < 20.5 0, . We have therefore, 7,,;,, < 20.5 0, = 20.50.
Complexity of Algorithm

We calculate the complexity of our Scheduling and Replication Algorithm. If there are m
files to be replicated in n sites each site having a storage capacity of ¢ and there are ( jobs to be
executed then the complexity of the algorithm is O(m?n3*9¢ ) . This is lower than that of the
optimal which is 0 ((C5)™ x (n)?)
4.2 Heuristic Algorithms

Since the complexity of the algorithm is still exponential, we develop a suite of heuristics
which reduce the time complexity dramatically while still keeping up with the performance. We
validate the performance of these heuristics with the Job Scheduling and Data Replication
algorithm via simulations. We make the following assumptions for the heuristics. Jobs originate
in any of the grid sites. Each job requires a set of input files. The execution time of a site is the
time required to transfer all the files required by the job. Initially one copy of master file is
available in one of the sites in the Grid. Based on the jobs queued in each site, the site has a
certain demand for the files. Each site has an access cost for a file which is the demand for file in
the site multiplied by time to transfer the file from its originating site. In the beginning all sites
have plenty of storage capacity.

Algorithm 3: Replication Scheduling Heuristic
begin
Run Algorithm 1;
Total Execution Time = Total Execution Time After Replication

for each unmapped job do

13



map <job; site;> such that site; gives minimum execution time for job;

end for

generate new schedule s : | -V

return M = {Ry,R,, ... R;,;} and s
end

In this heuristic we first run the centralized greedy replication strategy from Algorithm 1.
After the replication is finished, the availability of multiple replicas of each data gives more
scope for scheduling. In the scheduling phase, we schedule each job to a site which gives the
minimum execution time for that job.
The time complexity of heuristic is much lower than Job Scheduling and Data Replication while
keeping up the performance. The complexity of the greedy replication is O(m?n3c ) and
scheduling is O(nq). So the complexity of the heuristic is 0 (m?n3c + nq) .

Algorithm 4: Scheduling Replication Heuristic
begin
for each unmapped job do
map <job; site;> such that site; gives minimum execution time for job;
end for
generate new schedule s : | -V
Run Algorithm 1 for schedule s
return M ={R{,R,,... Ry} ands
end

In this algorithm we do an initial scheduling to map the jobs to sites giving minimum execution
time for the job. Then based on this job placement we do the greedy replication. This algorithm
performs much better than Algorithm 3 since the jobs are placed at right sites closer to its input
data. Replicating based on this job site configuration further helps in reducing the total execution
time.The complexity is the same for this heuristic as the Replication Scheduling
heuristic, 0(m?n3¢c + nq) .

14



Algorithm 5: Integrated Scheduling and Replication Algorithm

begin

M:R1:R2:Rp:®;

do

Among all the files, and sites select <file; site;> such that TotalExecutionTime

is minimized the most.

Let file; and site; give the most reduction in TotalExecutionTime.

if (storage available(site;))

Replicate file; in site; ; R; = R; U {j}

Total Execution Time = Total Execution Time After Replication

for each jobs
select site; such that site; gives minimum execution time for job;
map <job; site;> (note: if site; is job; current site then job; is not
scheduled).

end for

generate a new schedules : ] -V

Total Execution Time = Total Execution Time After Schedule

while (Total Execution Time can be reduced further and storage is available in any site)

return M = {R{,R,, ... Ry} and s

end

The Integrated Replication and Scheduling algorithm is a centralized algorithm based on

the greedy approach. We sort the <File, Site> pair in descending order of demand for the file in

the particular site multiplied by the transfer time from the data source site. In each round of

replication a <File, Site> pair is selected provided the site has sufficient storage available to

replicate the file such that the replica placement minimizes the total execution time the most. In

each round we run a schedule to map a <Job, Site> pair to further reduce the total execution

time. The process of replication and scheduling continues till all the sites do not have sufficient

15



storage capacity available or the total execution time cannot be reduced further. The complexity

of this algorithm is at most O (p?n*c q) which is much lower than that of Algorithm 2.

16



Chapter 5

PERFORMANCE EVALUTION

5.1 Simulation and Analysis

We evaluate the performance of our algorithms with simulations. For all the simulations
we assume the following. Initially master copy of each file is stored in some site. We assume
size of each file to be 1 unit for simplicity. Also the transfer time of file is calculated in terms of
number of hops multiplied by file size/bandwidth. We assume uniform bandwidth among all
sites. Jobs originate randomly from any site. Each job requires a set of input files. We first
compare our Job Scheduling and Data Replication algorithm (Algorithm 2) with heuristics
Replication Scheduling (Algorithm 3), Scheduling Replication (Algorithm 4) and Integrated
Replication Scheduling (Algorithm 5).

For our comparisons of the Algorithm 2 with the heuristics, due to its high time
complexity we assume a Grid with 5 nodes. We perform comparisons by varying the number of
files, number of jobs and storage capacity of the nodes. Unless otherwise varied we have 5 grid
sites, 10 files and 5 jobs. Initially one copy of file is placed randomly in any of the site. We
assume each job has an input of 5 files (randomly chosen from the 10 files) and each site has a
storage capacity of 5. For the heuristic we assume that jobs randomly originate at a site and each
site has its own initial job queue. For simplicity we will further address the Job Scheduling and
Data Replication with constant performance algorithm as SR-P and heuristics as R, RS, SR and

IRS respectively.

17



Comparison of SR-P vs. Heuristics RS, SR and IRS
Vary number of Files. We first vary number of data files randomly distributed in each of the
site in the grid as 5, 10, 15, and 20 while keeping the number of Grid sites 5, the number of jobs

5 and the storage capacity as 5.

40

35 »
30 /,_
-
-
e /.
_ E ]

--e - SR-P

> / — -
-
20 =S =
—+—RS

= ///;./»*”” .- —+-SR
10 /’ __,__-”'
. // - —a—1IRS
0 %‘
5 10 15 20

Number of files

Total Execution Time

Figure 2: Vary number of files

Figure2. shows as we vary the number of files the total execution time increases. For less number
of files more storage is available in the grid sites and lots of replica copies can be made. Making
more files available reduces the total execution time. As the number of files increases fewer
replicas are created due to storage constraint. As a result execution time is more.

Vary number of Jobs. We vary the number of jobs submitted to the sites for execution as 5, 10,

15, and 20 while keeping the number of Grid sites 5, files 10 and storage capacity 5 as constant.
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Figure 3: Vary number of jobs

As seen in Figure 3. As we vary the number of jobs the total execution time increases. This is
natural since if there are more jobs the time taken to execute them will also be more.
Vary storage capacity of sites. We vary each site’s storage capacity as 3, 5, 7, and 9 while

keeping the number of Grid sites 5, number of jobs 5, and number of files 10 as constant.
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Figure 4: Vary storage capacity for Grid sites
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As seen from Figure 4. when storage is more, lots of file replicas are placed in sites. This makes
more data available for scheduling, hence reducing the total execution time.

Performance wise we note that JSDR gives a low total execution time as compared to the
heuristics which is in accordance with the theoretical analysis of the algorithm. Among the
heuristics IRS heuristic performs comparable to JSDR and gives a better result than RS and SR.
SR is better than RS for all cases when we vary files, vary jobs and vary the storage capacity in
each site. By scheduling we already move the jobs closer to its input data. Replication further
helps by reducing the transfer time thus minimizing the total execution time. We also compare
our heuristics RS, SR and IRS with Local Greedy Replication and Scheduling algorithm
(LGRS), explained as below.

Local Greedy Replication and Scheduling Algorithm (LGRS) - In the local greedy
replication, for each site, its most frequently accessed file is replicated locally. Then a greedy
scheduling is performed.

Comparison of Heuristics R, RS, SR and IRS and LGRS

For our comparisons with the RS, SR, IRS and LGRS algorithm, we assume a Grid with 30
nodes. We perform comparisons by varying the number of files, number of jobs and storage
capacity of the nodes. Unless otherwise varied we have 30 grid sites, 1500 files and 1500 jobs.
We assume each job has input of 10 files and each site has a storage capacity of 10. Initially one
copy of file is placed randomly in any of the site. We assume that jobs randomly originate at a
site.

Based on the data patterns accessed by jobs we can classify it to two categories:
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Case 1: Random Distribution

In this case input files for each job are chosen randomly from the set of available data files in the
Data Grid.

Vary number of Files. We first vary number of data files in the grid as 1000, 1500, 2000, and
2500 while keeping the constant number of Grid sites as 30, number of jobs as 1500 and storage

capacity as 50. Each job requires 10 input files which are initially placed randomly in the sites.
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Figure 5: Vary number of files

As seen from Figure 5, IRS gives minimum execution time followed by SR and then by RS and
LGRS. Clearly we can show that scheduling is important to take full advantage of replication.

Vary number of Jobs. We vary the number of jobs submitted to the sites for execution as 1000,
1500, 2000, and 2500 while keeping the constant number of Grid sites as 30, files as 1500 and
storage capacity as 50. Each job requires 10 files. Each job initially originates randomly from

any of the 30 sites.
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Figure 6: Vary number of jobs

When we vary the jobs too we find IRS, SR perform better that RS and LGRS.
Vary storage capacity of sites. We vary the storage capacity of each site. The parameters of

Grid sites 30, number of files 1500 and number of jobs 1500 remain constant.
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Figure 7: Vary storage capacity in each site

As seen from Figure7. when storage is more, lots of file replicas are placed in sites. This makes

more data available for scheduling, hence reducing the total execution time.
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We also observe for all the plots; since the scope of the replica placement in LGRS is limited
locally, although it does reduce the total execution time but IRS outperforms much better than
that.

Case 2: Zipf Distribution

The Zipf distribution, sometimes referred to as the zeta distribution, is a discrete distribution
commonly used in linguistics, insurance, and the modeling of rare events. The input files for jobs

are based in Zipf distribution. In Zipf distribution, for p data files, the probability for each job to

access the j" (1 < j < p) data file is represented by P = ﬁ.
J®Xh=,1/h

Vary number of Files. We first vary number of data files in the grid as 1000, 1500, 2000, and
2500 while keeping the constant number of Grid sites as 30, number of jobs as 1500 and storage

capacity as 50.
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Figure 8: Vary number of files

Vary number of Jobs. We vary the number of jobs submitted to the sites for execution as 1000,

1500, 2000, and 2500 while keeping the constant number of Grid sites as 30, files as 1500 and
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storage capacity as 50. Each job requires 10 files which are obtained from the Zipf distribution.

Each job initially originates randomly from any of the 30 sites.
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Figure 9: Vary number of jobs

Vary storage capacity of sites. We vary the storage capacity of each site. The parameters of

Grid sites 30, number of files 1500 and number of jobs 1500 remain constant.
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Figure 10: Vary storage capacity
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The Zipf distribution to access files outperforms in comparison to random pattern to access files.
The reason is similar jobs with similar files are scheduled to the same site closer to where the

data files are replicated resulting in reducing the total completion time.
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Chapter 6

CONCLUSION AND FUTURE WORK

6.1 Conclusion

In this thesis we have formulated and studied a problem for integrating scheduling and
replication in data intensive scientific applications. In data intensive scenarios where the data
transfer time plays a very important role the right placement of data for job execution is
extremely imperative. In this work we have focused on one objective of minimizing the total
execution time both for placing the replicas at the right location and for mapping jobs for
execution to the corresponding sites. We have a Job Scheduling and Data Replication algorithm
with provable performance within a constant ratio of optimal. We also have developed a set of
heuristics and validated our results with simulations and analysis.
6.2 Future Work

In future we want to find an Approximation Algorithm that achieves integration with
same objective in reduced time complexity. We also want to implement the integrated algorithm
in the distributed environment. This work focuses on scheduling independent jobs; the algorithm

can be extended to incorporate job dependencies and workflows.
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