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Abstract

Cloud is a distributed environment, having large capacity data centers. It needs parallel processing and task scheduling. Map Reduce is
the programming model for processing this big data. Hadoop is a Java-based open source implementation of the Map-Reduce framework.
The task scheduling in the MapReduce framework is an optimization problem. This paper describes some advantages, disadvantages,
approaches used and the performance metrics comparison of different cloud scheduling algorithms and Hadoop Map Reduce scheduling

algorithms.
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1. Introduction

Nowadays new technologies are evolved day by day in many fields
like Internet of Things, Social Media, Organizations, e-commerce
etc. This will create the large volume of digitized data; the genera-
tion of data rate is increased exponentially. The main problems
have to deal with are the storage of this large volume of data they
are stored in different systems. That means the data is distributed
and can use the cluster of machines. Secondly, the type of the data
that are generated may be structured, unstructured or semi-
structured. Finally, the processing of these data is
a big problem. The analysis of data is needed to take a deci-
sion from this large volume of data. The validity of datais to
be maintained only the valid data is maintained [1][2].

A distributed system is a decentralized, reliable, scalable complex
system, where the resources are scattered around different loca-
tions and are connected and coordinated their activities by the use
of networks. This distributed system provides large capacity data
storage. Cloud is like a distributed system environment that con-
tains large capacity data centers in remote location. Cloud compu-
ting provides on-demand accessing of these shared resources via
the internet. Some examples of service providers are Amazon,
Microsoft, IBM, and Google Cloud are helped to do this activity
easily and efficiently. The cloud resources are avail to the client,
with the help of cloud service providers.

Cloud computing is a parallel and distributed environment con-
tains a large number of interconnected virtual machines that are
introduced into the environment dynamically. In order to make
decisions, the distributed data has to be processed. Map Reduce is
one of the programming models that are used for processing big
data in data centers.

Scheduling is one of the main problems has to be dealt
with, during the cloud resource sharing. It is the process of allocat-
ing resources to a particular job or allocation of virtual machines.
Scheduling is an optimization problem.

This paper deals with the task scheduling in a cloud environ-
ment. It is considered as a two step procedure: mapping of virtual
Machine (VM) and mapping from VM to physical resources.

This paper mainly focuses on scheduling of cloud resources.
The rest of the paper is presented as follows. Section 2 gives intro-
duction about MapReduce framework. Section 3 describes various
scheduling algorithms for cloud. Section 4 deals with main Hadoop
scheduling algorithms used in Job Trackers.

2. MapReduce Framework

Parallel processing and task scheduling are required for accessing
cloud computing services. Traditional data processing applications
are not suitable for processing Big data. MapReduce is one of the
programming models that are used for processing big data in data
centers. The data centers can include more than one map reduce
jobs that are running simultaneously. It processes the data by divid-
ing the job into independent tasks[3,[4].

The MapReduce contains two phases named Map and Reduce, and
it produces a Key/Value pair as output. The MapReduce frame-
work has a Master /Slave architecture. The master consists of Job
Tracker and the slave contains TaskTracker. The JobTracker ac-
cepts jobs, divides it into task and distributes it to TaskTrackers.
The TaskTrackers execute the task assigned by JobTrackers. The
JobTrackers are in need of task scheduling. Scheduling is con-
cerned with the optimal allocation of suitable resources for a par-
ticular task. The Map Reduce task scheduling is considered as an
optimization problem [5]. Mainly the optimization of scheduling is
based on the completion time of tasks that are to be scheduled.
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Fig 1: Basic Hadoop Framework

3. Task Scheduling Algorithms in Cloud Envi-
ronment

The scheduling is considered as NP hard problem.
3.1. Earliest Deadline First (EDF) Scheduling

Virtualization is one of the main features of cloud computing. Vir-
tual Machine Monitor (VMM) [6] known as Hypervisors maps the
real time resources (physical resources) to Virtual Machine (VM).
The virtual machine with earliest deadline has highest priority. The
deadline calculation depends on Execution Time (Et) and urgency
factor (Ur) of VM using Eq. 1. Determine priority P (using Eq. (2))
in terms of the deadline of VM (D) and maximum deadline of VM
in an entire schedule (Dmax). The VM is having low execution time
and high urgency factor got high priority and is scheduled. EDF
provides high success rate. It results less profit to service providers
and CPU utilization is not good.

D=E:x Ur @)
P=1 - (D/Dmax) (2)
3.2. Urgency Factor Prioritized (UFP) Scheduling
The VM priority assignment is based on deadline of job and the
deadline is associated with only the urgency factor. The deadline D
is calculated by summing up the deadlines of tasks in a particular
job using Eq. 3. Determine priority P based on deadline alone using

Eq. 4. UFP got a high success rate but give more profit to service
providers. The CPU utilization is not efficient.[6]

\D:EE-l:: Di (3)
n- represents total number of tasks in VM .
P=1-Ut/Ut max (4)

Where , Us represents urgency factor of task that is going to exe-
cute and Urmax Maximum urgency factor of schedule.
3.3.  Multi-objective Particle
(MOPSO) Scheduling

Swarm Optimization

The muli-objective optimization (MOO) scheduling techniques [7],
MOPSO is a task scheduling algorithm in a cloud computing envi-
ronment. It makes use of ranking strategy. The rank is to be calcu-
lated based on three objective values named Task Execution Cost
(CEy), Expected Completion time (Ct) and VM processing. It is
calculated separately for each task. CE: is the sum of the cost of
executing tasks (PC) in a VM and the cost of transferring data files
of task (IOcost ).

CE=PC+IOcost )

PC depends on processing time of the task and price of VM.
I10cost is depending on the size of input and output files for the task
and cost of bandwidth. Ct is computed by considering task length
and VM processing speed. This algorithm reduces the waiting time
and increase throughput and will lead to the improvement of execu-
tion time. The main shortcomings are the determination of pro-
cessing speed of the VM and calculation of task size in terms of
instructions are difficult.

3.4. Energy- Aware Task Scheduling (EATS)

EATS [9,10] algorithm mainly concentrates on the reduction of
power consumption of utilizing resources and which in turn reduc-
es the processing time. Consider the jobs with total computing
load Wiota can be divided as independent tasks with partition load
of size in chunki and they are not needed the synchronization and
inter-task communication. EATS is a non-linear programming
based model. The author shows that the resources that are idle and
under utilizes consume more energy than fully utilized resources.
The computing time for a worker node to perform chunk; units of
load and with computing capacity Wi is TPi . The total execution
time is TP.

TPi = chunki / pi (6)
TP=max TP; ©)

The total execution time is TP. EATS optimizes energy consump-
tion and performance.

3.3. Naive Fair Sharing

The main aim is the fair sharing of cluster resources between jobs.
These algorithms are applied independently to both map tasks and
reduce tasks. Here the jobs are to be sorted in increasing order,
according to the number of tasks in jobs. The tasks are to be allot-
ted to a node when the data is available locally. [12]

3.4. Delay Scheduling

The delay scheduling makes use of ascending queue during sched-
uling. If the head of line job cannot launch a local task, skip it for a
fixed amount of time and take the next job in the queue [12]. The
main design concern is the determination of skip count D. The
comparison is shown in following Table 1.

TABLE 1: Cloud Scheduling Algorithms.
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Fig 2: Performance Metrics Comparison Of Cloud Scheduling Algorithms

4. Hadoop Task Scheduling Algorithms

Hadoop is the Java based open source implementation of the
MapReduce programming model and is used for implementing
MapReduce. Hadoop scheduling algorithms are categorized as
Inbuilt Scheduling Algorithms and User Defined Scheduling Al-
gorithms. [12][13]

4.1. Inbuilt Scheduling Algorithms.

4.1.1. FIFO Scheduler

It is the default scheduling algorithm for Hadoop. The jobs are
prioritized in first come, first served basis. The main drawbacks
are the short job’s response time is bigger compared to large jobs,
low performance when running multiple jobs types; reduce data
locality and starvation, not preemptive. The main advantages are
simple and efficient, jobs are executed at the order they come.

4.1.2. Fair Scheduler

In fair scheduler all jobs get, on the average equal share of re-
sources. It makes a group of job pools. It provides fairness in shar-
ing resources in the pool. It allows quick response to small jobs
among large jobs. It is complicated configuration and may lead to
unbalanced performance because the job weights are not consid-
ered.

4.1.3. Capacity Scheduler

It ensures the fair management of the recourses among a large
number of users. They are similar to fair schedulers, uses queues
instead of resource pools. It maximizes the resource utilization and
throughput. This is the most complex among three schedulers.

4.2. User Defined Scheduling Algorithms.

Many user defined scheduling algorithms are available. Some of
them are as follows.

4.2.1. Delay Scheduling

In delay scheduling data is not available locally the task tracker
will wait for a fixed amount of time [11][14]. The next task in the
queue is scheduled if the above constraint is satisfied. It is mainly
used in the homogeneous environment.

4.2.2. Longest Approximate Time to End (LATE)

Find out slow running tasks and create a speculative copy and
complete the job. It improves the execution time [14],[15] ,[3]

4.2.3. Deadline Constraint Scheduler (DCS)

In DCS [3],[14],[16] the deadline is getting as part of the input.
Jobs are scheduled if specified deadline is met. It is a dynamic
scheduling scheme and can be used in both Homogeneous and
Heterogeneous environments.

4.2.4. Resource Aware Scheduler (RAS)

RAS includes user free slot filtering and dynamic free slot ad-
vertisement [14]. It is a dynamic and it is for Homogeneous and
Heterogeneous environments.

4.25. A Self-Adaptive MapReduce Scheduling Algorithm
(SAMR)

SAMR [21] uses historical information recorded on each node
and dynamically find slow tasks. It also considers the reaming
exact time of task at the time of scheduling.

4.2.6. Tencent Distributed Data Warehouse Scheduling
(TDWS)

The main objectives of TDWS [18] are the reduction of the
starvation problem of small jobs, the urgent jobs are executed
soon and long jobs finished in reasonable time. Here the jobs are
arranged into two normal group name nrtgroup for large jobs and
rtgroup for small jobs. There present another special group named
keygroup which are reserved for urgent jobs. Nrtgroup is consid-
ered as the default group. The jobs in all these groups are handled
in FIFO or fair sharing manner. Nrtgroup occupies more slots as
compared to rtgroup. Keygroup has highest privilege, when a job
comes in keygroup all the free slots are allocated to it and current-
ly running jobs are preempted if needed. In order to attain data
locality delay scheduling strategy is also incorporated with TDWS.
The scheduling decision is also depends on the memory require-
ment of the job and its availability in datacenters. The main disad-
vantages include the calculation of the Skip Count value, availa-
bility of memory. It is also in need of the division of jobs.

4.2.7. Tolhit Scheduling Algorithm

Tolhit [19] find out the optimal node for scheduling speculative
copy of slow tasks by considering historical information. The
historical information about map and reduce weighs are main-
tained at each node. The parameter values associated with are
mapped function execution weight (M1), reordering intermediate
result weight (M2) and copy (R1), sort (R2) and reduce (R3) stage
weights of reduce tasks. Based on this information the nodes are
classified into k clusters using a genetic algorithm. The time to
End (TTE) values of both map and reduce tasks are calculated by
using this historical information. The stragglers are identified with
TTE value and the speculative copy is assigned to node find out
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by Tolhit algorithm. The assignment is also based on parameters
like resource utilization the node and minimum spanning distances
of the node from the scheduler. By the Tolhit overall delay is re-
duced and improves the execution time.

4.2.8. Constraint Programming Scheduler (CPS)

CPS is a constraint programming model and it consists of a CP
scheduler; translate the jobs and available resource into an Opti-
mization Programming Language (OPL). It is also in need of
benchmarking tools and is defined according to the value of exe-
cution, index of CPU slots (based on CPU speed) and execution
time of memory (how much memory is reserved for CPU slot)
[18].

4.2.9. Multi-Objective Earliest Finish Time (MOEFT) Sched-
uling

In multi-objective EFTS [12], map tasks scheduled first fol-
lowed by reduce tasks. These tasks may be scheduled on different
VMs, according to the availably of slots. The tasks are to be se-
lected as from queue in order. This is an iterative process. The
map task without a parent is placed on the top of the queue. The
earliest finish time depends on the number of tasks in job, schedul-
ing policy and decision model. The workload information s got
updated as a result of completion of the map and reduce task. The
scheduling decision is based on the completion time with budget
constraint and cost with deadline constraint. The execution time
task ti with budget b is T (ti b) as in Eq. 8. It is an average value of
the budget [20][21]

T (ti b) = Total budget B / Total number of tasks T (8)

The completion time of task ti with budget b is ti (b).
ti(b)=max ties { T (ti b)} 9)

Where J number of jobs . The minimum cost to complete all tasks
of job is C (nmnr)

C (NmNr) = min ties Etié[ Ci{Di) (10)
Where Ci(Di) represent completion time of task with deadline, Nm
is the number of map tasks and N is the number of reduce tasks.
This algorithm results minimization of execution time, which in
turn reduces the marksman of schedule and maximize throughput.

Table 2 shows the comparison of various Hadoop scheduling algo-
rithms.

TABLE 2: Various Hadoop Scheduling Algorithms.
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Fig 3: Performance Metrics Comparison of Hadoop Scheduling
Algorithms

Performance metrics help to evaluate the effectiveness and per-
formance of schedulers. Here Execution Time, Response Time,
Data locality, Resource Ultilization, Deadline, Make span, and
Throughput are considered.

The various performance metric comparison of both basic cloud
scheduling algorithms and Hadoop scheduling algorithms are
shown in figure 2 and figure 3 respectively. From the comparison
of basic cloud scheduling algorithms, it is concluded that they are
mainly considered the proper and efficient resource utilization as
the main performance objective. It results in the improvement of
execution time, throughput, deadline requirement, etc. The main
problem here has to face is the determination of the number of
sharable resources over the internet. Itis possible to improve
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the resource utilization further by the prior knowledge of the
amount of resources needed. This becomes a difficult pro-
cess. This causes the inclusion of resource requirement prediction
mechanism in association with scheduling strategy.

The comparison of various users defined Hadoop scheduling algo-
rithms shown in figure 3, it is got that, they give more importance
to performance objective like execution time, deadline, and re-
source utilization. This also indirectly results in the improvement
of objectives like make span, response time, throughput etc.

5. Conclusion

Task scheduling is one of the important problems in cloud compu-
ting environment. Nowadays different scheduling algorithms are
available for both cloud and Hadoop environment. They are hav-
ing different performance objectives. They have their own ad-
vantages and disadvantages. The users and researchers use these
algorithms directly or with some modifications according to their
requirements.
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