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Cloud Computing has emerged as an eminent technology in internet
world. Job scheduling is one of the most challenging issues in the cloud
computing area. This paper is centered on scheduling algorithms for
MapReduce jobs with respect to deadline and cost constraints on a range of
provisioned heterogeneous machines in the cloud. Each job is partitioned
into multiple tasks. In addition, the time for executing a task on clouds
resources and price for using that resource is determined. We propose a
dynamic pricing algorithm for dynamically changing the price required
for task execution. It helps the cloud service provider(CSP) to recover its
machine’s cost and various other cost required for task execution based
on the scenario when job is submitted. This algorithm will benefit CSP to
maximizes its revenues. In addition to that, it provides inexpensive
services to users as the cost of running jobs in the cloud is reduced by
dynamic pricing. The Budget Distribution algorithm takes input the

dynamic time-price table and distributes total budget among all the tasks,
and remaining budget to slowest task to increase overall execution time. In
this approach, we use Multiple Choice Knapsack (MCKS) deadline
constrained algorithm that takes the dynamic pricing table as input and
optimal cost efficient machine based on execution time required on that
machine. An evaluation has been carried out which verifies the
efficiency of proposed algorithm and also illustrates that the technique is
cost-effective to both CSP and user.

Copy Right, 1JAR, 2015,. All rights reserved

INTRODUCTION

Cloud Computing is emerging as a new technique for large scale distributed computing driven by budget, in
which a set of highly scalable, virtualized, heterogeneous, and configurable and reconfigurable computing resources
can be rapidly acquired and released with minimum management effort. Users of cloud computing does not need to
set up any kind of software and can acquire their data worldwide from any device (laptops, tablets, mobile phones,
desktop PC) till an internet connection is available [10][11].

MapReduce has emerged as a parallel programming paradigm for processing data in large data centers. It can
efficiently handle large compute cluster. Hadoop is an open source implementation of MapReduce parallel
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programming framework and Google File System. It allows for distributed processing of large data sets across
clusters of computers, each offering local computation and storage [13].

Pricing is an important factor for organizations providing services or products. The way price is set effects
customer behavior, commitment to a provider, and the organizations success. Hence, building an appropriate pricing
model will help attain higher revenues. Many pricing techniques are utilized [6][7]. For example, a typical pricing
technique is to pay once for unlimited usage. On the other hand, this approach
is inflexible and does not take into account many other factors that effects pricing, such as maintenance costs for
resource, and price fairness. Many cloud computing providers (e.g., Google App Engine and Amazon Web Services)
provides pay-peruse fixed pricing which charges end users as per their overall resource usage. Pay for resources is
another approach, in which users are charged based on the storage or bandwidth size allowed. Subscription is
another pricing approach, in which the user subscribes with a certain CSP for a static price per unit for long periods
of time. Dynamic pricing is another technique, in which the price charged to user for resource consumption changes
dynamically. It directly affects both a provider’s revenue and price charged to customer for resource usage.

The following are the factors that affect pricing in cloud environment:
1. Initial Costs: This is quantity of money that the service providers spend to purchase resources.
2. Cost of maintenance: This is the quantity of money that service providers spends to maintain cloud
resources.
3. Demand: This is the demand from users for utilizing cloud resources. It is usually dynamic and
unpredictable.
4. Supply: This indicates the available resources with cloud to fulfill demand. [5]

The task-level scheduling is performed for two criteria: budget and deadline [8][9][13]. The goal of the
algorithms, Budget Distribution algorithm and Multiple Choice Knapsack
(MCKS) deadline constrained algorithm are:

l. For a given budget B, how to effectively select a machine from the candidate set of machines for
each task so that the total time for executing the workflow comes out to be minimum without breaking the
budget.

Il. For a given deadline D, how to effectively select a machine from the candidate set of machines for
each task so that the total cost for executing the workflow is comes out to be without breaking the deadline.

The scheduler will ensure that all tasks have adequate budget to finish execution. If there is any remaining
budget of workflow, then iteratively this budget is distributed to a task whose current execution time ascertains to be
the slowest. The process continues until no budget is left. The heterogeneous nature of cloud is depicted by having
distinct machines that may have distinct configuration or performance parameters, and thus may have distinct
service charges.

Motivation:

The cloud resources are often provisioned on-demand with a billing model, cloud based application are generally
budget driven. Hence, the efficient use of resources to meet relevant performance requirements within budget is
always a practical concern for Cloud Service Providers. A Cloud Service Providers (CSP) typical aim is to
maximize its revenues with its pricing scheme, although its user’s main aim is to acquire required service obtainable
for a reasonable price. Hence, satisfying both parties requires an optimal pricing technique. The price charged is one
of the most significant metrics that a CSP can control to promote the usage of its services.

Challenges:

1. Determining cost and deadline for each task.
2. Dynamically determining price charged to user.
3. Prices are charged per instance per time unit.

This paper is further organized as follows: in Section Il we mention emergence of job scheduling and related
work in job scheduling recently developed. Section Il presents implementation details in which problem definition,
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problem formulation, system architecture, algorithms, mathematical model, modules are explained. We follow with
the results in section IV and conclude the paper in section V.

Related work
Following outlines the scheduling mechanisms developed in recent years.

Default FIFO Scheduler, uses a FIFO queue for functioning. After partitioning a job into multiple tasks, it is
entered into a queue and assigned to TaskTracker nodes as they become available. Typically each job uses entire
cluster, so jobs had to wait for their turn to arrive. Problem arises of sharing resources among users. Fair Scheduler
[1] was developed by Facebook to handle access to their cluster. It overcomes the challenge of FIFO Scheduler by
providing a fair share of the cluster capacity. In addition to that, users may load their jobs to pools, with each pool
having a minimum number of TaskTracker slots. Thus cluster capacity is shared among jobs. Capacity Scheduler [2]
was developed by Yahoo considers scenario of users where number of users is large. It performs fair allocation of
computation resources among users rather than jobs. It does not consider resource availability.

Mark Yong, Nitin Garegrat, Shiwali Mohan [3], proposed two mechanisms for resource aware scheduling. First,
Dynamic Free Slot Advertisement computes the available TaskTracker nodes dynamically by using resource metrics
retrieved from each node. Second, Free Slot Priorities/Filtering configures maximum number of computation slots
for each node at configuration time. Thomas Sandholm and Kevin Lai [4], this paper supports capacity distribution
between concurrent users considering priorities of the users. It proposed the idea of sharing TaskTracker slots
proportionally per unit time. It does not handle deadline requirements. Xiaocheng Liu et al.[12], is centered on
parallel processing capabilities of cloud. This work is intended to attain specific level of utilization of its nodes as
well as responsiveness of parallel jobs. Priority based have been proposed with two VM- tiers (low CPU priority
and high CPU priority) to improve responsiveness of jobs.

Dzmitry Kliazovichl et al.[13], this work emphases the role of communication fabric and presents a scheduling
solution, named e-STAB, which takes into account traffic requirements of cloud applications providing energy
efficient job allocation and traffic load balancing in data center networks. Abhishek Verma, Ludmila Cherkasova,
and Roy H. Camp- bell [14], goal of this paper is to minimize the completion time of a set of jobs. It also focuses
on improving cluster utilization. It handles a set of production workload that consists of jobs with no
dependencies. Z. Guo and G. Fox.[15], proposed resource stealing to utilize idle resources. The paper focuses
improving resource utilization and decreasing job execution time. It also explains the concepts of MapReduce in
detail. Yang Wang and Wei Shi [16], proposed task level scheduling algorithms with constraints of budget and
deadline. The proposed mechanism uses static pricing which could not be fair to every user because every user
does not have the same needs.

Implementation Details

A. Problem Definition

We design a system for scheduling of task within budget and deadline constraints using dynamic pricing for
determining the time required for execution of task on the best machine from candidate set and price for using
that machine.

The scheduling algorithm for task level with regard to budget and deadline constraints for a batch of
jobs on a set of provisioned heterogeneous machines in cloud environment where price remains unaltered after it
has been determined (static pricing). It introduces the problem of being impartial to users and with service
providers. As the service providers might reserve the resources for longer time than the customers has utilized. On
the user side, they may overpay for the resources reserved if they does not use them extensively. To address this
problem, we are proposing a mechanism for dynamically changing the price and time. Time parameter indicates the
time to run a task on a particular machine within the given deadline of the heterogeneous cloud. Price indicates the
cost of using that machine which should be within allotted budget. According to the current scenario of machines in
the cloud, task level scheduling will be performed.

Problem Formulation

A batch of jobs is modeled as a multi-stage fork and join workflow which consists of ‘x’ stages, each stage ‘s’
will be having a collection of independent tasks, denoted as Js = {Jo, J1, J2, Ja,..., Jn}, Where n+1 is the size of stage
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s. In the cloud, each task can be related with a set of machines. For task J;, 0 <s < x, 0 <i < n the time to run task
on a machine and its corresponding prices are shown in Time-Price Matrix where t™, 1 <m <r gives time to run a
task J; on machine M™ where p™ gives the corresponding price for using that machine, and r is the total number of
machines that can execute task J;. We assume that the prices have been sorted in decreasing order and times in
increasing order. Tablel indicates the conventions used. For each task, the time for scheduling it is given by
TaskTime and price for using virtual machine is given by TaskPrice.

TaskPrice = Total Cost / ( 100 * Task Size) QD

TaskTime = Processing Speed / Task Size 2

Time-Price Matrix for task J;
[ tl 2 Lt
pl p2 pr

TABLE |. Memorization Parameter Table

Notation Meaning

X Number of stages

Js Task set in stage s

Ji Task i in stage J

n Number of tasks in stage s

W Total number of tasks in the workflow
tm

pm

Time to run task J; on machine M™
Cost for using machine M™

r Total number of machines that can run
B; Budget used by task J;

B Budget for stage s

Bw Total budget for workflow

Ds Deadline for stage s

Dy Total deadline for workflow

Ti (B) Shortest time to finish J; for given B;
M™ Assigned machine

Budget Constraints
Given budget B; for task J;, shortest time to finish it is denoted as T; (B;), defined as :
Ti(B) =t", p™ <B;j< p™ 3)

The time to finish a stage s with budget B, denoted as T (Bs) and is defined as time taken to finish last task in the
stage within given budget:
Ts (By) =max ) ;. o] Ti (By) 4)

Since workflow is fork and join, a stage cannot start until its previous stage had finished. Hence, the total
makespan within budget B,, to finish the workflow is defined as the sum of all stages times. We need to minimize
this time within budget B,, :

Tw (Bw) = min ¥ o Ti (Bi) )

Deadline Constraints
The minimum cost to finish stage s, given deadline D; denoted as C; (Ds):
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Cs(Dg) = X ic [0,n] Ci (Ds) (6)
where C; (Ds) is the minimum cost to finish task J; in stage s within such that tt<D,<t"

The total cost for the workflow within deadline D, :
Cw (Dy) = min ) . [0.x] Cs (Dy) (7)

System Architecture

Fig. 1 shows the system architecture. Users access the cloud through web browser and submit their jobs into
cloud. Cloud administrator estimates the time and price required for task execution and dynamically maintain it.
Budget and deadline distribution solver finds appropriate node for executing task. If the task can be completed
within budget or deadline it is scheduled, else it is not. It estimates the scheduling length and cost for complete
workflow.

Cloud Senvice

Cloud Administrator
Jobs
5 Estimate time &
N price
— X
Budget & Deadline Providers
Distribution Sclver

-

Dynamic Pricing
j.» Algorithm
\

_| Multi-stage fork
Scheduler "] & join workflow
Heterogeneous Clouds
Y y Y Y
Total - CsP
Makespan Total Cost | |User Gain Revenue
Fig. 1. System Architecture
Algorithms

Assumption: Communication between map/reduce tasks is manipulated by the MapReduce framework via the
underlying network file systems.

System Constraints: For time-price table, time should be sorted in ascending order whereas price should be sorted
in descending order.

Algorithm 1: Budget Distribution Algorithm
Input: JobSet; total Budget; initial execution time, budget distribution, assigned machine

Output: Minimum time for executing workflow

: Maintain idle list of machines

. for task € stage s do

Find best machine from candidate machines which is idle.
: end for

: Calculate remaining budget for workflow

: Initialize profile variables (T;, B;, M™)

. Identify slowest and second slowest task

~NouAwWNRE
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8: Assign these pairsto a set L
9: Determine which task in L should be allocated budget

Algorithm 2: MCKS Deadline Constrained Algorithm
Input: JobSet; time-price table

Output: Minimum cost for executing workflow
1: for stage s € workflow w do

2: Construct class s consists of tuple (Dg;, Cs)
1< IS z re[l,n] pr
3: end for
4: for each task J; € stage s do
5: Assign execution time on the candidate machine into a
SetS
6: end for

7: Sort S in increasing order

8: for each element t; € S do

9: Dsi < i

10: end for

11: Compute Cq (D) for each task

12: Choose exactly one tuple from each class to minimize the total cost.

Algorithm 3: Dynamic Pricing Algorithm
Input: Job, MachineSet(Initial_Cost, Maintenance_Cost, Power_Cost, Processing_Speed), Task_Size
t, = Time for planning and allocating machine

Output: PriceSet and TimeSet for task

1: Estimate price-demand function Z(m, tp , w)
2: if (Capacity > Z) then
3: TaskPrice = TaskPrice - ( Capacity / Z)

4: Allot capacity to incoming demand
5: else
6: Select maxXpepw,m P

where p = TaskPrice, Py, = PriceSet for tasks which
are demanding resource

7: TaskPrice = TaskPrice + ( CapacityLeft/ Z)

8: end if

9: Estimate revenue of CSP = maXpepwm P. Z(M, tp, W)

10: Estimate user gain.

Modules

The system is divided into multiple sub-systems which performs its functions as mentioned below.

The first module of the system is User side. User submits their jobs to cloud environment. The complexity of
cloud system is abstracted from user. The second module is dynamic pricing module which makes the time-price
table dynamic by updating its values considering different parameters of the machine on which the task can be
scheduled. The third module of the system is Budget and Deadline Distribution Solver (BDS). The BDS takes as an
input a batch of jobs that are arranged as a multi-stage fork and join workflow by the scheduler at execution time.
Every task of the job is associated with a time-price table As a result; the BDS can be configured with various
parameters, including time-price tables, the job set and the total number of jobs in the workflow. The goal is to make
the total scheduling length of the workflow minimum without breaking the budget and the total monetary cost of the
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workflow minimum without missing the deadline. The result of these sub-systems is aggregated to obtain the final
result i.e. total makespan and total cost.

Experimental Results
The system is being developed using eclipse with MapReduce for Hadoop operations. PHP/MySQL with Apache
for load injection in the cloud. The system does not require any specific hardware to run. The experiments have
been conducted on machine having following configurations: Intel i5 quadcore processor with 2.67GHz CPU,
4GB RAM. We have taken google4me cloud dataset consisting of a Job dataset, Machine Set. Job Set is obtained
from user which is split into Task Set in the cloud. Task Set is maintained by cloud administrator which contains
multiple attributes. Machine Set contains various details about machines in the cloud such as costs, configuration

etc.
TABLE I1 : Sample DataSet for jobs and tasks entered into the cloud.
Job ID | Job Name Task ID | Task Name Task Size (in kb) | Time | Static Price Dynamic Price
1 Read Files |1 Read PDF 34.76 0.337 | 0.71 0.4
2 Read TXT 36.98 041 | 0.61 0.2
1 Url 102.12 129 |19 2.15
2 2 Search Text | 130.98 0.67 | 1.72 2.38
Browse Web 2.64 | 094 1.44
3 Search Images | 212.49 ' ' :
Scheduling Cost vs. No.of tasks
30

Scheduling Cost

AL

14 71013161922252831343740434649

No.of tasks

= Budget-driven
= Deadline-driven

Dynamic Pricing

Fig 3: Comparison between Budget-driven, Deadline-driven and Dynamic Pricing Scheduling technique in terms of

Cost.
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Scheduling Length vs. No. of tasks

= Budget-driven

Scheduling Length

= Deadline-driven

1 4 710153161922252831343740434649

No. of tasks

Fig 4: Scheduling Length of the algorithms vs. No. of tasks

Figure 3 shows the comparison between state-of-the-art algorithm and proposed algorithm. The plots are the
scheduling cost verses no. of tasks. This graph supports the claim that dynamic pricing algorithm, the proposed
algorithm provides gains to user as well as CSP in terms of cost. Figure 4 shows the scheduling length for various
algorithms. Scheduling Length gives the total time required for scheduling the task. This time is the estimated
minimum time. The plots are the scheduling length verses the no. of tasks. The blue line is Budget-driven algorithm
and the red line is Deadline-driven algorithm and green line is Dynamic Pricing algorithm.

The scheduling results obtained by the deadline and cost constrained scheduling technique, describes the relation
between the tasks and their scheduling length and scheduling cost. This results shows that dynamic pricing provides
the real time scenario of market conditions. Lower price is set to attract customers, whereas higher price is set to
attract more revenue The success definition of this scheduling technique lies in dynamically controlling the
unpredictable demand of customers.

Conclusion and future scope

Large number of jobs arrive into the cloud, to handle these jobs, scheduling provides a smarter way of placing
these jobs on cloud resources. In this paper, we came up with a novel approach for dynamically changing the price
charged for user’s job execution which is beneficial to both user and CSP, after that applying cost and deadline
constrained scheduling. Microsoft Azure views dynamic pricing as a feasible option that will be highly adopted in
addition to static pricing. Google AdWorks and Facebook Ads uses bidding/auctions strategy which is efficient but
doesnot considers market conditions (demand and supply). This implicates the necessity of dynamic pricing. The
advanced features in the scheduling (speculative task scheduling, redundant computing for fault tolerance) with
respect to the budget constraints can be considered in future work. Enforcing the full system in a real cloud
computing environment (Eg. Amazon) can also be tackled as future work. The market competition between clouds
can also be taken as future enhancement.
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