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ABSTRACT 

In the Recent past big data generation from 

different sources becomes challenging task to 

compute and process, Several frameworks has been 

recommended such as  MapReduce and Spark to ease 

the task of developing big data programs and 

applications. Though, the jobs in these frameworks 

are almost distinct and packaged as executable jars 

without any functionality being exposed or described. 

Furthermore positioned jobs are not natively 

composable and reusable for subsequent 

development. Moreover, it also impedes the ability 

for applying optimizations on the data flow of job 

sequences and channels. In this Project, we present 

the Hierarchically Distributed Data Matrix (HDM) 

which is a well-designed, strongly-typed data 

representation for writing composable big data 

applications. In continuation with a runtime 

framework is provided to support the execution, 

integration and management of HDM applications on 

distributed infrastructures. Based on the functional 

data dependency graph of HDM, multiple 

optimizations are applied to improve the performance 

of executing HDM jobs. 

I. INTRODUCTION 

Big Data applications are becoming more complex 

and experiencing frequent changes and updates. In 

practice, manual optimization of complex big data 

jobs is time-consuming and error-prone. Maintenance 

and management of evolving big data applications is 

a challenging task as well. We demonstrate HDM, 

Hierarchically Distributed Data Matrix, as a big data 

processing framework with built-in data flow 

optimizations and integrated maintenance of data 

provenance information that supports the 

management of continuously evolving big data 

applications. In HDM, the data flow of jobs are 

automatically optimized based on the functional 

DAG representation to improve the performance 

during execution. Additionally, comprehensive meta-

data related to explanation, execution and 

dependency updates of HDM applications are stored 

and maintained in order to facilitate the debugging, 

monitoring, tracing and reproducing of HDM jobs 

and programs. 

Big data and cloud computing are both the 

fastest-moving technologies identified in Gartner 

Inc.’s 2012 Hype Cycle for Emerging Technologies . 

Gartner also believes that big data is one of the 

tipping point technologies. Cloud computing is 

associated with new paradigm for the provision of 

computing infrastructure and big data processing 

method for all kinds of resources. Moreover, some 

new cloud based technologies have to be adopted 

because dealing with big data for concurrent 

processing is difficult. Especially the use and 

processing of big data are becoming a key basis of 

competition and growth for enterprises and scientific 

institutions. Big data related technologies mainly 

include cloud computing, advanced machine learning 

and intelligent data processing.  

 

The current technologies such as grid and 

cloud computing have all intended to access large 

amounts of computing power by aggregating 

resources and offering a single system view. Among 

these technologies, cloud computing is becoming a 

powerful architecture to perform large-scale and 

complex computing, and has revolutionized the way 

that computing infrastructure is abstracted and used. 

In addition, an important aim of these technologies is 

to deliver computing as a solution for tackling big 
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data, such as large-scale, multi-media and high 

dimensional data sets.  

 

Then what is Big Data? Viewed the words 

from the historical perspective, “very large database” 

represents the level of GB, “Massive” represents the 

level of TB, and “big data” means the level of TB or 

more. In the publication of the journal of Science 

2008, “Big Data” is defined as “Represents the 

progress of the human cognitive processes, usually 

includes data sets with sizes beyond the ability of 

current technology, method and theory to capture, 

manage, and process the data within a tolerable 

elapsed time” 

II. RELATED WORK 

Spark SQL is a brand new module in Apache Spark 

that integrates relational processing with Spark’s 

purposeful programming API. Built on our revel in 

with Shark, Spark SQL lets Spark programmers 

influence the advantages of relational processing 

(e.g., declarative queries and optimized storage), and 

shall we SQL clients name complicated analytics 

libraries in Spark (e.g., device studying). Compared 

to preceding structures, Spark SQL makes most 

essential additions. Original, it offers a haggle tighter 

combination among relational and procedural 

processing, via a declarative DataFrame API that 

integrates with bureaucratic Spark system. Second, it 

consists of a pretty extensible optimizer, Catalyst, 

built using functions of the Scala programming 

language that makes it clean to functioncomposable 

rules, control code generation, and outline extension 

points. Using Catalyst, we've built a variety of 

capabilities (e.g., schema inference for JSON, 

machine analyzing types, and question federation to 

external databases) tailor-made for the complicated 

wishes of cutting-edge-day facts evaluation. 

 

Michael Arm rust et al had accessible Spark SQL, an 

innovative element in Apache Spark donation rich 

amalgamation with relational dispensation. Spark 

SQL extends Spark with a declarative DataFrame 

API to allow relational processing, offering blessings 

together with automated optimization, and letting 

customers write complicated pipelines that mix 

relational and complex analytics. It helps a extensive 

variety of functions tailored to big-scale statistics 

evaluation, along with semi-structured data, query 

federation, and facts kinds for device mastering. To 

enable those capabilities, Spark SQL is primarily 

based on an extensible optimizer called Catalyst that 

makes it clean to add optimization regulations, 

information assets and records kinds by way of 

embedding into the Scala programming language. 

User feedback and benchmarks display that Spark 

SQL makes it substantially less difficult and greater 

green to write down facts pipelines that blend 

relational and procedural processing, even as 

presenting giant speedups over preceding SQL-

onSpark engines. 

 

MapReduce and similar systems significantly ease 

the assignment of writing information-parallel code. 

However, many real-world computations require a 

pipeline of MapReduces, and programming and 

dealing with such pipelines may be hard. Craig 

Chambers et al offered FlumeJava, a Java library that 

makes it smooth to broaden, take a look at, and run 

efficient data parallel pipelines. At the middle of the 

FlumeJava library is multiple training that represent 

immutable parallel collections, each assisting a 

modest variety of operations for processing them in 

parallel? Parallel collections and their operations 

present a simple, excessive-degree, uniform 

abstraction over exclusive statistics representations 

and execution strategies. To allow parallel operations 

to run correctly, FlumeJava defers their evaluation, 

instead internally constructing an execution plan 

dataflow graph. At what time the very previous 

outcomes of the corresponding operations are in due 

course required, FlumeJava initial optimizes the 

carrying out plan, after which executes the optimized 

operations on appropriate essential primitives (e.g., 

MapReduces). The aggregate of excessive-

degreeabstractions for parallel statistics and 

computation, deferred evaluation and optimization, 

and green parallel primitives yields a smooth-to-use 

machine that strategies the performance of hand-

optimized pipelines. FlumeJava is in active use by 

hundreds of pipeline builders within Google. 

 

III. SYSTEM ANALYSIS  

Existing System 

In recent years, several frameworks (e.g. Spark, 

Flink, Pregel, Storm) have been presented to tackle 

the ever larger datasets on using distributed clusters 

of commodity machines. These frameworks 
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significantly reduce the complexity of developing big 

data programs and applications. However, in reality, 

many real-world scenarios require pipelining and 

integration of multiple big data jobs. There are more 

challenges when applying big data technology in 

practice. In the pipeline, components like feature 

extractor and classification trainer are normally 

commonly-used algorithms for many machine 

learning applications. However, in current big data 

platform such as MapReduce and Spark, there is no 

proper way to share and expose a deployed and well-

tuned online component to other developers. 

Therefore, there is massive and even unseen 

redundant development in big data applications. In 

addition, as the pipeline evolves, each of the online 

components might be updated and re-developed, new 

components can also be added in the pipeline. As a 

result, it is very hard to track and check the effects 

during the evolving process. Google’s recent report 

shows the challenges and problems that they have 

encountered in managing and evolving large scale 

data analytic applications. Furthermore, as the 

pipeline become more and more complicated, it is 

almost impossible to manually optimize the 

performance for each component not mentioning the 

whole pipeline. 

Disadvantages of Existing System: 

1. Integration, composition and interaction 

with big data programs/jobs are not natively 

supported 

2. Maintenance and management of evolving 

big data applications are complex and 

tedious 

PROPOSED SYSTEM 

We present the Hierarchically Distributed Data 

Matrix (HDM) along with the system implementation 

to support the writing and execution of composable 

and integrable big data applications. HDM is a light-

weight, functional and strongly-typed meta-data 

abstraction which contains complete information 

(such as data format, locations, dependencies and 

functions between input and output) to support 

parallel execution of datadriven applications. 

Exploiting the functional nature of HDM enables 

deployed applications of HDM to be natively 

integrable and reusable by other programs and 

applications. In addition, by analyzing the execution 

graph and functional semantics of HDMs, multiple 

optimizations are provided to automatically improve 

the execution performance of HDM data flows. 

Moreover, by drawing on the comprehensive 

information maintained by HDM graphs, the runtime 

execution engine of HDM is also able to provide 

provenance and history management for submitted 

applications. 

Advantages of Proposed System: 

1. A HDM system implementation 

provisioning that supports the execution, 

integration, and history and dependency 

management of HDMs applications on 

distributed environments. 

2. Hierarchically Distributed Data Matrix 

(HDM) is a functional, strongly-typed meta-

data abstraction for writing data-parallel 

programs 

 

System Architecture of HDM Runtime System 

IV. IMPLEMENTATION 

HDM framework has been constructed with 

three major components, such as runtime engine, co-

ordination services and Data Provenance Manager. 

The functioning of the components is precise here 

Runtime Engine: A runtime engine to support the 

execution and integration of HDMs applications on 

distributed environments, which manages the distinct 

jobs and schedule in the Schedulers. 

Coordination Service: This service is composed 

with cluster, block and executor coordination. These 

services are responsible for the node coordination and 

management. These services are composed as cluster 

coordination, block coordination and executor 

coordination. They are responsible for the 
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coordination and management of node resources 

similarly distributed HDM data blocks and executors 

works individually. 

Data Provenance Manager: It is normally tedious 

and complicated to maintain and manage applications 

that are continuously evolving and being updated. In 

HDM, drawing on comprehensive meta-data 

information maintained by HDM models, the runtime 

engine is able to provide data provenance supports 

including execution tracing, version control and job 

replay in the dependency and execution history 

management 

 

HDM Data Flow Optimization 

One key feature of HDM is that, the 

execution engine contains built-in planners and 

optimizers to automatically optimize the functional 

data flow of submitted applications and jobs. During 

explanation of HDM applications, the data flow is 

represented as DAGs with functional dependencies 

among operations. The HDM optimizers traverse 

through the DAG to reconstruct and modify the 

operations based on optimization rules to obtain more 

optimal execution plans. Currently, the optimization 

rules implemented in the HDM optimizers include: 

function fusion, local aggregation, operation 

reordering and data caching for iterative jobs. 

 

Function fusion 

During optimization, the HDM planner 

combines the lined-up non-shuffle operations into 

one operation with high-order function so that the 

sequence of operations can be computed within one 

task rather than separate ones to reduce redundant 

intermediate results and task scheduling. This rule 

can be applied recursively on a sequence of fusible 

operations to form a compact combined operation. 

 

Local Aggregation 

Shuffle operations are very expensive in the 

execution of data-intensive applications. If a shuffle 

operation is followed with some aggregations, in 

some cases, the aggregation or part of the aggregation 

can be applied before the shuffling stage. During 

optimization, HDM planer tries to move those 

aggregation operations forward before the shuffling 

stage to reduce the amount of data that needs to be 

transferred during shuffling. 

 

Operation reordering/reconstruction 

Apart from aggregations, there are a group 

of operations which filter out a subset of the input 

during execution. Those operations are called pruning 

operations. The HDM planner attempts to lift the 

priority of the pruning operations while sinking the 

priority of shuffle-intensive operations to reduce the 

data size that needs to be computed and transferred 

across the network. 

 

Data Caching 

For many complicated and pipelined 

analytics jobs (such as machine learning algorithms), 

some intermediate results of the job could be reused 

for multiple times by the subsequent operations. 

Therefore, it is necessary to cache those repetitively 

used data to avoid redundant computation and 

communication. In this case, HDM planner counts 

the reference for the output of each operation in the 

functional DAG to detect the potential points that 

intermediate results should be cached for reusing by 

subsequent operations. 

 

 
Fig 1: Running JPS command  

 

Fig 2: Starting HDM Framework 
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Fig 4: Creating a directory in hadoop file system  

 
Fig 5: Showing created directory framework 

 

Fig 11: hadoop jar Project.jar Project 

/Framework/Framework.csv /Framework/output 

 
Fig14: localhost/Primitives-graph 

 

Fig17: localhost/Linear-graph 

 

V. CONCLUSION 

In this project we consider HDM with 

Directed Acyclic Graph (DAG) in Big data 

framework. we conclude that analysis of HDM 

framework with big data and compared analysis with 

Map-Reduce framework. The data flows of HDM 

jobs are automatically optimized before they are 

executed in the runtime system. HDM as a functional 

and strongly-typed meta-data abstraction, along with 

a runtime system implementation to support the 

execution, optimization and management of HDM 

applications. 

Future Scope: 

Still there is a research gap which we 

noticed from our examination i.e. disk-based 

processing needs to be supported in case that the 

overall cluster memory is not adequate for more 

supplementary jobs. 
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