
IJRIT International Journal of Research in Information Technology, Volume 4, Issue 10, October 2016, Pg 20-28 

 

Singireddy Divya Jyothi, IJRIT-20 
 

 

 

International Journal of Research in Information Technology 

(IJRIT)                                      

                                      www.ijrit.com               ISSN 2001-5569 

A Novel Approach to Scheduling in Distributed Multi-

User Environment 

CH.Venkata Lakshmi
1

, Singireddy Divya Jyothi
2 

1
Assistant Professor,

  
Computer  Science and Engineering, Sreyas Institute of Engineering & 

Technology , JNTU Hyderabad,  India. 

1
venkatalakshmi@sreyas.ac.in 

2
 Student, Computer  Science and Engineering, Sreyas Institute of Engineering & 

Technology, JNTU Hyderabad, India. 

2
dvyasingireddy@gmail.com 

Abstract 

Distributed multi-user environment is widely used in cloud computing environments where huge number of 

users gain access to cloud resources simultaneously. In this context, the data is exponentially grown. Processing 

such voluminous data of multiple users need parallel programming that is supported by frameworks like 

Hadoop. In such environment a new programming model known as MapReduce is used. Graphics Processing 

Unit (GPU) is used to support massive processing power. The machine learning techniques proposed in the 

existing systems focused on different purposes. However, a framework that can support machine learning 

algorithms to process big data is the need of the hour. In this paper we proposed such framework with a machine 

learning technique. Information retrieval and natural language processing concepts are used for machine 

learning and produce TF/IDF and other intermediary results. The has placeholders for future techniques as well. 

We built an application to demonstrate the proof of concept. Our empirical results are encouraging.  

Index Terms – Big data, distributed programming framework, MapReduce, machine learning 

I.INTRODUCTION  

Big data refers to the data which is bulky and exhibits exponential growth. The data which has certain 

characteristics is known as big data. Those characteristics are known as Volume, Variety and Velocity. The first 

attribute is related to the quantity of data which is very huge in nature. The second attribute refers to the fact that 

data is available in different formats like structured, semi-structured and unstructured. The third attribute that is 

Velocity refers to the data that is in transit. In other words the data which is moving or streaming shows the third 

attribute velocity of data. When live data is being collected from different sources, such data can exhibit velocity 

characteristic. Big data when accumulated becomes a valuable source for extracting business intelligence. 

Unfortunately the process of big data cannot be directly done in the local machines due to resource constraints. 

It is possible with distributed programming frameworks that are associated with huge data centres and cloud 

computing paradigm.  
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Figure 1 – Shows characteristics of big data 

 

Once big data is understood, it is important to understand the need for mining big data. Mining is a process of 

extracting trends or patterns that are latent in the given dataset. In case of big data it is important to process big 

data otherwise it may result in biased conclusions. 

  

I.I Need for Big Data Mining 

 
When big data is not considered for processing (when partial data is mined), it may not result in comprehensive 

intelligence. Data with respect to big data is dynamic in nature and it is streamed from multiple sources. In such 

case, processing some part of data or not including the live data can provide conclusions that are not accurate. It 

is evident in the illustration shown in Figure 2.  

 

 
Figure 2 – Limited view of users provided biased conclusions 

 

The animal in the picture is elephant. Anyone can understand it. However, when the view of the users is limited 

the whole picture cannot be realized. For instance different people looked at part of the animal and understood 

that they saw as a hose, a tree, a wall and a rope respectively. All their understanding was wrong. Therefore it is 

essential to include complete data for processing in order to obtain comprehensive business intelligence.  
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I.2Big Data Evolution  

 
Big data evolution started as early as 1968 in the form of hierarchical database where OLTP is performed. 

Online Transactional Processing is performed and the human analysis was manually made on historical data. 

Later in 1983 data warehousing concept came into existence which paved way for having historical data in a 

way that can be mined easily through programmable interfaces.  

 

 
Figure 3 – Evolution of big data 

 

With Online Analytical Processing the concept of obtaining business intelligence and making well informed 

decisions came into existence. It continued till 1990. Later in the year 2000 to 2010 gradually steam computing 

came into existence and transferred into big data mining. Now the real time analytical processing is possible 

using big data. The big data when harnessed can provide comprehensive business intelligence.  

 

I.3Map Reduce Programming 
It is the new programming paradigm which is widely used in the distributed environment. The applications like 

Gmail, Facebook are some of the examples where huge amount of data is being processed in distributed 

environment. The new programming paradigm used in such environments is MapReduce. This programming 

model can leverage distributed environment and the presence of GPA and data centres. It can exploit the power 

of multiple computers working together in distributed environment.  

 
Figure4 – Map Reduce programming paradigm 
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As shown in Figure 4, the MapReduce programming paradigm supports user programs to interact with a master 

program which in turn assigns job to multiple worker nodes. The working nodes perform the task of Map and 

Reduce and provide required output. Map functionality is done by worker nodes. It is based on the application 

specific work. The input files are split into multiple parts and given to mappers running in multiple worker 

nodes. The output of the mappers is written to local storage. Then the Reducer nodes take the output of mappers 

and perform further processing and write final output to files in a distributed file system.  

Machine learning algorithms that are existing may not support MapReduce programming and therefore it is 

essential to have them in the new programming model. Our contributions in this paper include building a 

framework that provided simulated environment to support map and reduce programs in order to have machine 

learning on big data. We focused on processing big data which is in the form of documents. Information 

retrieval and natural language processing concepts are used for machine learning and produce TF/IDF and other 

intermediary results. The framework needs much improvement to be more useful. The remainder of the paper is 

structured as follows. Section II provides review of literature. Section III presents the proposed system in detail. 

Section IV presents experimental results while section V concludes the paper. 

 

II.RELATED WORKS 

 
This section provides review of literature on machine learning algorithms that support data mining. Many 

contributions on machine learning came into existence as explored in [1], [2], [3], [4], [5] and [6]. The 

technologies explored in those researchers are not widely visible in the arena of vision, NLP and data mining in 

general. Especially they are not yet visible in big real world applications. The possible reason might be the gap 

in terms of scalability, and accurate learning process issues. From academic implementation to big real world 

usage needs transformation of ML algorithms. Big learning and scalability are to be kept in mind for making 

ML algorithms for future. As computing resources are available due to cloud computing and data centres, it is 

essential to have such scalable algorithms to process big data.  

Hadoop [7] is one of the distributed programming frameworks that can support MapReduce programming and it 

is being used widely by enterprise applications.  It makes use of disk and distributed file system support for 

scalable operations. Therefore it exceeds in performance when compared with its in-memory counterparts 

explored in [8] and [9]. There are other systems that are explored in [10] and [11] that provide low level 

programming interfaces which are versatile and powerful. However, they cannot provide high-level and general 

purpose building blocks needed in distributed programming approach such as managed communication, model 

partitioning, and scheduling. Pregel [12] is one of the graph-centric platforms that can help in efficient 

partitioning of models that are based on graph with several consistency mechanisms and in-built scheduling. 

However, their wide spread usage is yet to be realized. In this paper we proposed a framework that is meant for 

supporting machine learning algorithms in order to process big data. As of now it supports information retrieval 

and natural language processing in a multi-user environment.  

 

III.PROPOSED FRAMEWORK FOR DISTRIBUTED MACHINE LEARNING 

 
The proposed machine learning framework is meant for supporting machine learning mechanisms on big data. It 

caters to multi-user environment as scheduling algorithm takes care of job scheduling. The framework supports 

any machine learning algorithm. However, as of now, it supports natural language processing and information 

retrieval that can help improve big data processing when data is in the form of huge number of documents.  
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Figure 5 – Generic framework for machine learning on big data 

 

As shown in Figure 5, the framework is generic and works on any kind of documents. It takes huge number of 

documents and performs natural language processing operations. Before that the dataset is subjected to pre-

processing in the form of stop words and stemming. Once they are completed, it makes use of measures to find 

out TC/IDF values and the intermediary results are presented. Different similarity measures are supported in 

order to have accurate results in processing of documents.  

 

 
Listing 1 – shows different functions that are used in similarity measures 

 

As shown in listing 1, there are many distance measures to know similarity between documents or objects. All 

functions are used to know how two documents or objects are similar in the given set of documents or objects.  
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Algorithm 1 – Multi-user job scheduling algorithm 

 

As shown in the algorithm 1 the inputs are jobs given to distributed machine learning environment while the 

output is the scheduled jobs. The algorithm works based on the knowledge of available free map lots and 

follows dual approach in waiting. The waiting time based scheduling is followed which optimizes performance 

of the environment in case of multiple users giving jobs simultaneously.  

 

IV.PROTOTYPE AND EXPERIMENTAL RESULTS 

 
We built a prototype application to demonstrate the MapReduce simulation implemented using Java 

programming language. Mapper and Reducer programs are implemented so as to simulate the distributed 

programming environment. The present implementation supports multi-user job scheduling and processing of 

huge amount of data or big data. Natural language processing techniques are used to process bulk of documents. 

TF/IDF and other metrics are used to process documents.  
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Figure 6 – Shows UI for capturing location of big data 

 

As can be shown in Figure 6, it is evident that user can choose the location of big data to be processed. Huge 

number of textual documents can be provided as input. The application can load all documents and perform 

natural language processing and produce intermediate results. However, the work is carried out using Map and 

Reduce programs implemented as part of the application. The work is split into multiple parts and mappers are 

able to process the data. Then the reducer program takes care of combining results and producing final output.  

 

 
Figure 7 – Intermediate results while processing big data 

 

As can be seen in Figure 7, the results of natural language processing or the intermediate results are presented. 

TF/IDF and other metrics of documents are computed and the results are used for further processing. The 

documents are taken by the application and the work is split into multiple parts so as to execute in a simulated 

distributed environment where multiple mappers and reducers are in place.  
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Figure 8 – Total words vs. word frequency 

 

As shown in Figure 8, the total number of words is presented and the word frequency is revealed. The horizontal 

axis represents total number of words while the vertical axis shows the word frequency in the presence of 

multiple concurrent users.  

 

 
Figure 9 – User-Wise Workload 

 

As shown in Figure 9, the empirical results in multi-user environment are presented. Users are represented in 

horizontal axis while the vertical axis represents the time taken to complete the given workload.  
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V.CONCLUSIONS AND FUTURE WORK 

 
In this paper we studied distributed programming environments where big data is stored and processed. It is 

understood that machine learning techniques play a vital role in processing big data. However, machine learning 

algorithms in MapReduce is still in its infancy. Therefore it is required to have a framework that supports 

multiple machine learning algorithms that can help general public to have their data processed. In this paper we 

proposed a generic framework which supports machine learning algorithm to process big data in the form of 

unstructured data. However, placeholders are kept for supporting future techniques. Natural language processing 

concepts are used to process unstructured data. The proposed machine learning algorithm makes use of TF/IDF 

of documents which are part of big data for finding similarity. The similarity results can be used in various real 

world applications. We built a prototype application to prove the concept and the empirical results reveal that 

the framework is useful. This research can be extended further to support many machine learning algorithms for 

different purposes.  
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