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Abstract

The MapReduce model has become an important parallel processing model for large-

scale data-intensive applications like data mining and web indexing. Hadoop, an open-source

implementation of MapReduce, is widely applied to support cluster computing jobs requiring

low response time. The current Hadoop implementation assumes that computing nodes in

a cluster are homogeneous in nature. Data locality has not been taken into account for

launching speculative map tasks, because it is assumed that most map tasks can quickly

access their local data. Network delays due to data movement during running time have

been ignored in the recent Hadoop research. Unfortunately, both the homogeneity and data

locality assumptions in Hadoop are optimistic at best and unachievable at worst, potentially

introducing performance problems in virtualized data centers. We show in this dissertation

that ignoring the data-locality issue in heterogeneous cluster computing environments can

noticeably reduce the performance of Hadoop. Without considering the network delays,

the performance of Hadoop clusters would be significatly downgraded. In this dissertation,

we address the problem of how to place data across nodes in a way that each node has

a balanced data processing load. Apart from the data placement issue, we also design a

prefetching and predictive scheduling mechanism to help Hadoop in loading data from local

or remote disks into main memory. To avoid network congestions, we propose a preshuffling

algorithm to preprocess intermediate data between the map and reduce stages, thereby

increasing the throughput of Hadoop clusters. Given a data-intensive application running

on a Hadoop cluster, our data placement, prefetching, and preshuffling schemes adaptively

balance the tasks and amount of data to achieve improved data-processing performance.

Experimental results on real data-intensive applications show that our design can noticeably

improve the performance of Hadoop clusters. In summary, this dissertation describes three
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practical approaches to improving the performance of Hadoop clusters, and explores the idea

of integrating prefetching and preshuffling in the native Hadoop system.
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Chapter 1

Introduction

An increasing number of popular applications become data-intensive in nature. In the

past decade, the World Wide Web has been adopted as an ideal platform for developing

data-intensive applications, since the communication paradigm of the Internet is sufficiently

open and powerful. Representative data-intensive Web applications include search engines,

online auctions, webmail, and online retail sales, to name just a few. Data-intensive appli-

cations like data mining and web indexing need to access ever-expanding data sets ranging

from a few gigabytes to several terabytes or even petabytes. Google, for example, lever-

ages the MapReduce model to process approximately twenty petabytes of data per day in

a parallel fashion [14]. The MapReduce programming framework can simplify the com-

plexity of running parallel data processing functions across multiple computing nodes in a

cluster, because scalable MapReduce helps programmers to distribute programs and have

them executed in parallel. MapReduce automatically handles the gathering of results across

the multiple machines and return a single result or set. More importantly, the MapReduce

platform can offer fault tolerance that is entirely transparent to programmers. Right now,

MapReduce is a practical and attractive programming model for parallel data processing in

high-performance cluster computing environments.

Hadoop – a popular open-source implementation of the Google’s MapReduce model –

is primarily developed by Yahoo [23]. Hadoop is used by Yahoo’s servers, where hundreds

of terabytes of data are generated on at least 10,000 processor cores [78]. Facebook makes

use of Hadoop to process more than 15 terabytes of new data per day. In addition to

Yahoo and Facebook, a wide variety of websites like Amazon and Last.fm are employing
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Hadoop to manage massive amount of data on a daily basis [61]. Apart from Web data-

intensive applications, scientific data-intensive applications (e.g., seismic simulations and

natural language processing) take maximum benefits from the Hadoop system [9][61].

A Hadoop system basically consists of two major parts. The first part is the Hadoop

MapReduce engine – MapReduce [14]. The second component is HDFS – Hadoop Distributed

File System [13], which is inspired by Google’s GFS (i.e., Google File System). Currently,

HDFS divides files into blocks that are replicated among several different computing nodes

with no attention to whether the blocks are divided evenly. When a job is initiated, the

processor of each node works with the data on their local hard disks. In the initial phase

of this dissertation research, we investigate how Hadoop works with its parallel file system,

like Lustre. Lustre divides a large file into small pieces, which are evenly distributed across

multiple nodes. When the large file is accessed, high aggregated I/O bandwidth can be

achieved by accessing the multiple nodes in parallel. The performance of cluster can be

improved by Hadoop, because multiple nodes work concurrently to provide high throughput.

Although Hadoop is becoming popular as a high-performance computing platform for

data-intensive applications, increasing evidence has shown that performance of data-intensive

applications can be severely limited by a combination of a persistent lack of high disk- and

network-I/O bandwidth and a significant increase in I/O activities. In other words, perfor-

mance bottlenecks for data-intensive applications running in cluster environments are caused

by disk- and network-I/O rather than CPU or memory performance. There are multiple rea-

sons for this I/O performance problem. First, the performance gap between processors and

I/O subsystems in clusters is rapidly widening. For example, processor performance has

seen an annual increase of approximately 60% for the last two decades, while the overall

performance improvement of disks has been hovering around an annual growth rate of 7%

during the same period of time. Second, the heterogeneity of various resources in clusters

makes the I/O bottleneck problem even more pronounced.
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We believe that there exist efficient ways of improving the performance of Hadoop clus-

ters. The objective of this dissertation work is to investigate offline and online mechanisms,

such as data locality and prefetching, to boost performance of parallel data-intensive appli-

cations running on Hadoop clusters.

This chapter presents the scope of this research in Section 1.1, highlights the main con-

tributions of this dissertation in Section 1.2, and finally outlines the dissertation organization

in Section 1.3.

1.1 Scope

Many large-scale applications are data intensive in nature and require manipulation of

huge data sets such as multidimensional scientific data, image files, satellite data, database

tables, digital libraries, and the like. MapReduce is an attractive programming model that

supports parallel data processing in high-performance cluster computing environments. The

MapReduce programming model is highly scalable, because the jobs in MapReduce can be

partitioned into numerous small tasks, each of which is running on one computing node in a

large-scale cluster [14]. The Hadoop runtime system coupled with HDFS manages the details

of parallelism and concurrency to provide ease of parallel programming as well as reinforced

reliability [76].

The locality and interdependence issues to be addressed in this study are inherent in

large-scale data-parallel computing. Scheduling in MapReduce differs from traditional cluster

scheduling in the following two ways [48].

First, the MapReduce scheduler largely depends on data locality, i.e., assigning tasks

to computing nodes where input data sets are located. Data locality plays an important

role in achieving performance of clusters because the network bisection bandwidth in a large

cluster is much lower than the aggregate bandwidth of the disks in computing nodes [14].

Traditional cluster schedulers (e.g., Torque [48]) that give each user a fixed set of computing

nodes significantly degrade system performance, because files in Hadoop are distributed
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across all nodes as in GFS [66]. Existing schedulers (e.g., Condor [71]) for computational

grids address the issue of locality constraints only at the geographic sites level rather than

at the computing-node level, because Grids run CPU-intensive applications instead of data-

intensive jobs handled by Hadoop. When it comes to a granular fair scheduler, evidence

shows that data locality may be problematic for concurrent jobs and small jobs.

Second, the dependence of reduce tasks on map tasks may cause performance problems

in MapReduce. For example, reduce tasks cannot be completed until all corresponding map

tasks in the job are finished. Such an interdependence issue is not observed in traditional

schedulers for cluster computing. The dependence among reduce and map tasks can slow

down the performance of clusters by imbalanced workload - some nodes are underutilized

and others are overly loaded. A long-running job containing many reduce tasks on multiple

nodes will not sitting idle on the nodes until the job’s map phases are completed. Therefore,

the nodes running idle reduce tasks are underutilized due to the fact that reduce tasks

reserve the nodes. To address this performance issue, we propose a preshuffling scheme to

preprocess intermediate data between a pair of map and reduce tasks in a long-running job,

thereby increasing the computing throughput of Hadoop clusters. We discuss the details of

our preshuffling technique in Chapter 5.

Executing data-intensive applications on Hadoop clusters imposes several challenging

requirements on resource management design. In particular, we summarize below three main

observations for improving performance of Hadoop clusters.

1.1.1 Data Distribution Issue

We observed that data locality is a determining factor for MapReduce performance. To

balance workload in a cluster, Hadoop distributes data to multiple nodes based on disk space

availability. Such a data placement strategy is very practical and efficient for a homogeneous

environment, where computing nodes are identical in terms of computing and disk capacity.

In homogeneous computing environments, all nodes have identical workloads, indicating
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that no data needs to be moved from one node to another. In a heterogeneous cluster,

however, a high-performance node can complete local data processing faster than a low-

performance node. After the fast node finishes processing the data residing in its local

disk, the node has to handle the unprocessed data in a slow remote node. The overhead

of transferring unprocessed data from slow nodes to fast ones is high if the amount of

data moved is large. An approach to improve MapReduce performance in heterogeneous

computing environments is to significantly reduce the amount of data moved between slow

and fast nodes in a heterogeneous cluster. To balance the data load in a heterogeneous

Hadoop cluster, we investigate data placement schemes, which aim to partition a large data

set into small fragments being distributed across multiple heterogeneous nodes in a cluster.

We explore this data placement issue in Chapter 3).

1.1.2 Data Locality Issue

Our preliminary findings show that CPU and I/O resources in a Hadoop cluster are

underutilized when the cluster is running on data-intensive applications. In Hadoop clusters,

HDFS is tuned to support large files. For example, typically file sizes in the HDFS file system

range from gigabytes to terabytes. HDFS splits large files into several small parts that are

distributed to hundreds of nodes in a single cluster; HDFS stores the index information,

called meta data, to manage several partitions for each large file. These partitions are the

the basic data elements in HDFS, the size of which by default is 64MB. The large block size

can shorten disk seek time; however, large block size also causes the transfer time of data

access to dominate the entire processing time, making I/O stalls a significant factor in the

processing time. The large block size motivates us to investigate prefetching mechanisms

that aim to boost I/O performance of Hadoop clusters.

Another factor encouraging us to develop a prefetching mechanism is that ever-faster

CPUs are processing data more quickly than the data can be loaded. Simply increasing

cache size does not necessarily improve the I/O-subsystem and CPU performance [51]. In
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the MapReduce model, before a computing node launches a new application, the application

relies on the master node to assign tasks. The master node informs computing nodes what

the next tasks are and where the required data blocks are located. The computing nodes

do not retrieve the required data and process it until assignment notifications are passed

from the master node. In this way, the CPU are underutilized by waiting a long period for

the notifications are available from the master node. Prefetching strategies are needed to

parallelize these workloads so as to avoid the idle point. The data locality issue is addressed

in Chapter 4)

1.1.3 Data Transfer Issue

A Hadoop application running on a cluster can impose heavy network load. This is

an especially important consideration when applications are running on large-scale Hadoop

clusters. Rapleaf [59] recently encountered this network performance problem, and devised

a neat theoretical model for analyzing how network topology affects MapReduce. The two

phases of a MapReduce job has two candidates (i.e., shuffling and reduce output) stressing

network interconnects in Hadoop clusters. During the shuffle phase, each reduce task contacts

every other node in the cluster to collect intermediate files. During the reduce output phase,

the final results of the entire job are written to HDFS.

Since results are output to HDFS, the reduce output stage is seemingly the highest

intense period of network traffic; however, the shuffle phase has more potential to stress out

network interconnects because each node contacts every other node, rather than only two

other nodes. Note, however, that the reduce output phase might take longer than the shuffle

phase. The average aggregate peak throughput is the aggregate throughput at which some

component in the network resource saturates (i.e., when the network is at the maximum

throughput capacity). Once one component in the network saturates, the job as a whole

won’t be able to go any faster even if there are other underutilized computing nodes.
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Moreover, Hadoop clusters are supported, in many cases, by virtual machines and trans-

fer massive amount of processing data between map and reduce tasks through the clusters’

network interconnects. When the Hadoop clusters scale up, the network interconnects be-

comes the I/O bottleneck of the clusters. We address this performance issue in Chapter 5.

1.2 Contribution

To remedy aforementioned performance problems in Hadoop clusters, our dissertation

research investigates data placement strategies, prefetching and preshuffling schemes that

are capable of reducing data movement activities and improving throughput of the Hadoop

cluster. In what follows, we list a set of key contributions of the dissertation.

• Data placement in HDFS. We develop a data placement mechanism in the Hadoop

distributed file system or HDFS to initially distribute a large data set to multiple

computing nodes in accordance with the computing capacity of each node. More

specifically, we implement a data reorganization algorithm in HDFS in addition to the

data redistribution algorithm. The data reorganization and redistribution algorithms

implemented in HDFS can be used to solve the data skew problem, which arises due

to dynamic data insertions and deletions.

• Online prefetching mechanism. We observe the data movement and task pro-

cess patterns in Hadoop clusters, and design a prefetching mechanism to reduce data

movement activities during running time to improve the clusters’ performance. We

show how to aggressively search for the next block to be prefetched, thus avoiding I/O

stalls incurred by data accesses. At the core of our approach is a predictive scheduling

module and prefetching algorithm.

• Preshuffle. We propose a shuffle strategy for Hadoop to reduce network overhead

caused by data transfer. When intermediate data is ready, the reshuffling modules

identify and transfer the data to destinations as soon as possible.
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1.3 Organization

Before starting with the main topic of this dissertation, we give a general introduction

on Mapreduce and Benckmarks in Chapter 2.

In Chapter 3, we study a data placement mechanism in the HDFS file system to dis-

tribute initial large data sets to multiple computing nodes in accordance with the computing

capacity of each node.

In Chapter 4, we present data movement and task process patterns of Hadoop. In addi-

tion, we design a prefetching mechanism to reduce the amount of data transferred through

network interconnects during running time.

In Chapter 5, we propose a shuffle strategy incorporated into Hadoop to reduce network

overhead imposed by data transfers.

We present prior studies related to this dissertation research in Chapter 6.

Finally, Chapter 7 summarizes the main contributions of this dissertation and indicates

on future directions for this research.
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Chapter 2

Background

The MapReduce programming model simplifies the complexity of running parallel data

processing functions across multiple computing nodes in a cluster, by allowing a programmer

with no specific knowledge of parallel programming to create MapReduce functions running

in parallel on the cluster. MapReduce automatically handles the gathering of results across

the multiple nodes and returns a single result or set. More importantly, the MapReduce

runtime system offers fault tolerance that is entirely transparent to programmers [14].

Hadoop, a popular open-source implementation of Google’s MapReduce model, is de-

veloped primarily by Yahoo [23]. The Apache Hadoop system is a distributed MapReduce

project of the Apache Foundation implemented in the java programming language. As

Hadoop is published under the Apache License, Hadoop’s source code is publicly available

for download. Hadoop is deployed in Yahoo’s servers, where hundreds of terabytes of data

are generated on at least 10,000 cores [78]. Facebook makes use of Hadoop clusters to pro-

cess more than 15 terabytes of new data per day. In addition to Yahoo and Facebook, other

web giants such as Amazon and Last.fm are employing Hadoop clusters to manage massive

amounts of data on a daily basis [61]. Apart from data-intensive web applications, scientific

data-intensive applications (e.g., seismic simulation and natural language processing) take

maximum benefits from the Hadoop system.

The Hadoop system has two core component. The first component is a distributed file

system called HDFS (see Section 2.1); the second one is a MapReduce programming frame-

work (i.e., runtime system) for processing large datasets (see Section2.2). Higher levels in the

software stack consists of (1) Pig [26] and Hive [25], user-friendly parallel data processing

languages, (2)Zoomkeeper [27] a high-availability directory and configuration service, and
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(3) HBase [24], a web-scale distributed column-oriented store designed after its proprietary

predecessors [7][10].

In this dissertation research, we pay attention to the two core elements of Hadoop -

HDFS and Hadoop runtime system. The basic Hadoop is composed of Hadoop runtime

system, an implementation of MapReduce designed for large clusters, and the Hadoop Dis-

tributed File System (i.e., HDFS), a file system optimized for batch-oriented workloads like

data analysis applications. In most Hadoop jobs, HDFS is used to store both the input of

map tasks and the output of reduce tasks. Our design and implementation presented in this

dissertation can be easily integrated with any distributions of Hadoop, and our techniques

integrated in Hadoop can also be easily employed by high levels in the Hadoop software

stack.

This chapter features two sections. Section 2.1 give the background of the google’s

MapReduce programming model along with the usage of MapReduce. Section 2.2 discusses

the Hadoop Distributed File System (HDFS) and briefly describes how does HDFS work.

2.1 Mapreduce

MapReduce is a programming model and an associated implementation for processing

and generating large data sets [14]. The MapReduce model was designed for unstructured

data processed by large clusters of commodity hardware; the functional style of MapReduce

automatically parallelizes and executes large jobs over a computing cluster. The MapReduce

model is capable of processing many terabytes of data on thousands of computing nodes in

a cluster. MapReduce automatically handles the messy details such as handling failures,

application deployment, task duplications, and aggregation of results, thereby allowing pro-

grammers to focus on the core logic of applications.
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Figure 2.1: The overall process of the word count MapReduce application.

2.1.1 MapReduce Model

Each MapReduce application has two major types of operations - a map operation and

a reduce operation. MapReduce allows for parallel processing of the map and reduction op-

erations in each application. Each mapping operation is independent of the others, meaning

that all mappers can be performed in parallel on multiple machines. In practice, the number

of concurrent map operations is limited by the data source and/or the number of CPUs

near that data. Similarly, a set of reduce operations can be performed in parallel during

the reduction phase. All outputs of map operations that share the same key are presented

to the same reduce operation. Although the above process seemingly inefficient compared

to sequential algorithms, MapReduce can be applied to process significantly larger datasets

than ”commodity” servers. For example, a large computing cluster can use MapReduce to

sort a petabyte of data in only a few hours. Parallelism also offers some possibility of recov-

ering from partial failure of computing nodes or storage units during the operation. In other

words, if one mapper or reducer fails, the work can be rescheduled, assuming the input data

is still available. Input data sets are, in most cases, available even in presence of storage unit

failures, because each data set normally has three replicas stored in three individual storage

unites.
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A MapReduce program has two major phases - a map phase and a reduce phase. The

map phase applies user specified logic to input data. The results, called as intermediate

results, are then fed into the reducer phase so the intermediate results can be aggregated

and written as a final result. The input data, intermediate result, and final result are all

represented in the key/value pair format [39].

Figure 2.2 shows an executional example of the MaReduce model. As shown by the

diagram during their respective phases multiple map and reduce jobs are executed in parallel

in multiple computing nodes. MapReduce is also usually described in form of the following

functions summarized in Table 2.1.

Table 2.1: The MapReduce functions
map (k1,v1) ¿¿ list(k2,v2)

reduce (k2,list(v2)) ¿¿ list(k3,v3)

It is worth noting that the map phase must transform input data into intermediate data

from which the reduce phase can gather and generate final results.

2.1.2 Execution Process

The MapReduce process can be divided into two parts, namely, a Map section and

a Reduce section. Figure 2.2 shows a diagram representing the execution process of the

MapReduce model.

Map Task Execution

Each map task is assigned a portion of an input file called a split. By default, a split

contains a single HDFS block with 64MB, and the total number of file blocks normally

determines the number of map tasks.

The execution of a map task can be separated into two stages. First, the map phase

reads the task’s split and organizes the split into records (key/value pairs), and applies the

map function to each record. After the map function has been applied to each input record,
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Figure 2.2: The execution process of the MapReduce programming model.

the commit phase registers the final output with the TaskTracker, which then informs the

JobTracker that the task has been completed. The output of the map step is consumed

by the reduce step, so the OutputCollector stores map output in a format that is easy for

the reduce tasks to consume. Intermediate keys are assigned to reducers by applying a

partitioning function. Thus, the OutputCollector applies this function to each key produced

by the map function, and stores each record and partition number in an in-memory buffer.

The OutputCollector spills this information to a disks when a buffer reaches its capacity.

A spill of the in-memory buffer involves sorting the records in the buffer first by partition

number, then by key. The buffer content is written to a local file system as a data file and

index file. This points to the offset of each partition in the data file. The data file contains

the records, which are sorted by the key within each partition segment.

During the commit phase, the final output of a map task is generated by merging all

the spill files produced by this map task into a single pair of data and index files. These files

are registered with the TaskTracker before the task is completed. The TaskTracker reads

these files to service requests from reduce tasks.
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Reduce Task Execution

The execution of the reduce task contains three steps.

• In the shuffle step, the intermediate data generated by the map phase is fetched. Each

reduce task is assigned a partition of the intermediate data with a fixed the key range,

so the reduce task must fetch the content of this partition from every map task’s output

in the cluster.

• In the sort step, records with the same key are grouped together to be processed by

the next step.

• In the reduce step, the user-defined reduce function is applied to each key and corre-

sponding list of values.

In the shuffle step, a reduce task fetches particular data from each map task. The

Job-Tracker relays the location of every TaskTracker that hosts a map output to every

TaskTracker that is executing a reduce task. Note that a reduce task cannot fetch the

output of a map task until the map has finished its execution and commitment of its final

output to the disk.

After receiving partitions from all mappers’ outputs, the reduce task enters the sort

step. The output generated from mappers for each partition is already sorted by the reduce

key. The reduce task merges these runs together to produce a single run that is sorted by

key. The task then enters the last reduce step, in which the user-defined reduce function is

invoked for each distinct key in a sorted order, passing it the associated list of values. The

output of the reduce function is written to a temporary location on HDFS. After the reduce

function has been applied to each key in the reduce task’s partition, the task’s HDFS output

file is automatically renamed from its temporary location to its final location.

In this design, outputs of both map and reduce tasks are written to disks before the out-

puts can be consumed. This output writing process is particularly expensive for reduce tasks,
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because their outputs are written to HDFS. Output materialization simplifies fault tolerance,

because such outputs reduce the number of states that must be restored to consistency after

any node failure. If any task (regardless of mappers or reducers) fails, the JobTracker simply

schedules a new task to perform the same work assigned to the failed task. Since a task never

exports any data other than its final results, no further fault-tolerant actions are needed.

2.1.3 Scheduler

To better the limitations of current Hadoop schedulers that motivate us to develop our

solutions, let us explain some key concepts used in Hadoop scheduling.

In a Hadoop cluster, there is a central scheduler managed by a master node, called Job-

Tracker. Worker nodes, called TaskTrackers, are responsible for task executions. JobTracker

is responsible not only for tracking and managing machine resources across the cluster, but

also for maintaining a queue of currently running MapReduce Jobs. Every TaskTracker

periodically reports its state to the JobTracker via a heartbeat mechanism. TaskTrackers

concurrently execute the task in each slave nodes.

The JobTracker and TaskTracker transfer information through a heartbeat mechanism.

The TaskTracker sends a message to the JobTracker once every specified intervals (e.g., a

message every 2 seconds). The Heartbeat mechanism provides a communication channel

between the JobTracker and the TaskTracker. A task assignment is delivered to the Task-

Tracker in the form of a heartbeat. If the task fails, the JobTracker can keep track of this

failure because the JobTracker receives no reply from the TaskTracker. The JobTracker

monitors the heartbeats received from the TaskTracker to make the task assignment deci-

sions. If a heartbeat is not received from a TaskTracker during a specified time period, the

TaskTracker is assumed to be malfunction. In this case, the JobTracker will relaunch all

tasks that previously assigned to this failed TaskTracker in another functioning node.
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The default Hadoop use the FIFO (i.e., First-In-First-Out) policy based on 5 optional

scheduling priorities to schedule jobs from a work queue. In the following subsections, let us

introduce a few popular scheduling algorithms widely employed in Hadoop clusters.

FAIR Scheduler

Zaharia et. al. [22] proposed the FAIR scheduler, optimized for multi-user environments,

in which a single cluster is shared among a number of users. The FAIR algorithm is used in

the data mining research field to analyze log files. The FAIR scheduler aims to reduce idle

times of short jobs, thereby offering fast response times of the short jobs.

The scheduler in Hadoop organizes jobs into pools, among which resources are shared.

Each pool is assigned a guaranteed minimum share, which ensures that certain users or

applications always get sufficient resources. Fair sharing can also work with job priorities,

which are used as weights to determine the fraction of total compute time allocated to each

job. Fair scheduling assigns resources to jobs so that all jobs consume, on average, an equal

share of resources.

The Fair Scheduler allows all jobs to run by a default or specified configuration file,

which limits the number of jobs per user and per pool. This configuration file is very useful

in two particular cases. First, a user attempts to submit hundreds of jobs at once. Second,

many simultaneously running jobs cause high context-switching overhead and an enormous

amount of intermediate data. Limiting the number of running jobs, of course, does not

cause any subsequently submitted jobs to fail. However, newly arrived jobs must wait in the

sheduler’s queue until some of the running jobs are completed.

Capacity Scheduler

The capacity scheduler [23] is a scheduler developed by Yahoo for large resource-sharing

clusters. Submitted jobs are organized and placed in multiple queues, each of which is

guaranteed to access a fraction of a cluster’s capacity (i.e., number of task slots). All jobs
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submitted to a given queue have access to the resources guaranteed for that queue. If tasks

of jobs in queues have excess capacity, the tasks are killed. Free resources can be allocated

to any queue beyond its capacity. When there is demand for the resources of queues running

below capacity at a future point in time (e.g., tasks scheduled on the resources complete), the

resources will be assigned to jobs on queues running below the capacity. If inactive queues

start acquiring job submissions, their lost capacity will be reclaimed.

Queues can also support job priorities, which are disabled by default. In a queue, jobs

with higher priority have access to the queue’s resources prior to the access of jobs with

lower priority. However, once a job is running regardless of its priority, the job will not be

preempted by any higher priority job. Nevertheless, new tasks from the higher priority job

will be preferentially scheduled in the queue. In order to prevent one or more users from

monopolizing resources, each queue enforces a limit on the percentage of resources allocated

to a user at any given time, if all the users are using the resources.

Whenever a TaskTracker is free, the capacity scheduler chooses a queue with the most

free resources. Once the queue is selected, the scheduler picks a job in the queue according

to the job’s priority. This scheduling mechanism ensures that there is enough free main

memory in the TaskTracker to run the job’s task in the event that the job has large memory

requirements. In this way, the resource requirement of the task can always be promptly

honored.

LATE Scheduler

The LATE (i.e., Longest Approximate Time to End) scheduler [47] improves response

time of Hadoop clusters in multiuser environments by improving speculative executions. The

default speculative execution is a mechanism that rebalances the load on worker nodes and

reduces response time by relaunching slow tasks on other TaskTrackers with more computing

resources. In this way, slow tasks are duplicated on machines with free slots. This LATE

scheduler achieves good utilization when jobs are about to end. LATE also reduces execution
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time of slow tasks. LATE counters effects of overload by multiple task assignments on fast

machines in heterogeneous cluster computing environments.

Unlike the native speculative execution algorithm, the LATE scheduler focuses on ex-

pected time left and relaunches tasks expected to ”finish farthest into the future”. To better

accommodate different types of tasks, a task progress is divided into zones. A user defined

limit is used to control the number of speculative tasks assigned to one node. The LATE

scheduler shortens response times in heterogeneous Hadoop clusters.

Dynamic Priority Scheduler

The idea of dynamic priority scheduling is to assign priorities based on temporal param-

eters and maximize resource utilization. A dynamic priority scheduler adapts to dynamically

changing progress and forms an optimal configuration in a self-sustained manner. The dy-

namic scheduler [21] based on the Tycoon [38] system implemented in Hadoop uses a market

based approach for task assignments. Each user is given an initial amount of virtual cur-

rency. While submitting a job, users can declare a certain spending rate per unit time.

The scheduler chooses jobs that earn the maximum ”money” for the scheduler. Users can

adjust their spending rate in order to change the priorities of their jobs. The users can

independently determine their jobs’ priorities; the system allocates running time according

to spending rate. If the account balance of a user reaches zero, no further tasks of that user

will be assigned.

Hadoop on Demand [84] uses the above existing algorithms to manage resources in

Hadoop clusters. The FAIR scheduler and capacity scheduler are adopted to achieve fair-

ness; the LATE scheduler is deployed to reduce job response times. The dynamic priority

scheduler is employed to achieve adjustable priorities based on dynamically changing pro-

gresses [57][34].
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2.2 Hadoop Distributed File System

The Hadoop Distributed File System or HDFS is a distributed file system designed to

run on commodity hardware. HDFS is the primary distributed storage used by Hadoop

applications on clusters. Athough HDFS has many similarities with existing distributed

file systems, the differences between HDFS and other systems are significant. For example,

HDFS is highly fault-tolerant and is designed to be deployed on cost-effective clusters. HDFS

- offering high throughput access to application data - is suitable for applications that have

large data sets. HDFS relaxes several POSIX requirements to enable streaming access to file

system data. HDFS is not fully POSIX compliant, because the requirements for a POSIX

file system differ from the design goals of Hadoop applications. HDFS trades fully POSIX

compliance for increased data throughput, since HDFS was designed to handle very large

files.

2.2.1 Architecture

HDFS uses a master-slave architecture, in which a master is called NameNode and slaves

are referred to as DataNodes. Figure 2.3 shows a diagram representing the architecture of

HDFS. Basically, an HDFS cluster consists of a single NameNode, which manages the file

system namespace and regulates access of clients to files. In addition, there are a number

of DataNodes. Usually, each node in a cluster has one DataNode that manages storage

of the node on which tasks are running. HDFS exposes file system namespace and allows

user data to be stored in files. Internally, a file is split into one or more blocks stored in a

set of DataNodes. The NameNode executes file system namespace operations like opening,

closing, and renaming files and directories. The NameNode also determines the mappings

of blocks to DataNodes. The DataNodes not only are responsible for serving read and write

requests issued from the file system’s clients, but also perform block creation, deletion, and

replication upon instructions from the NameNode.
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Figure 2.3: The HDFS architecture [23]

The NameNode and DataNode are software modules designed to run on a GNU/Linux

operating system. HDFS is built using the Java language as any machine that supports Java

can run the NameNode or DataNode modules. Usage of the highly portable Java language

means that HDFS can be employed on a wide range of machines. A typical deployment has

a dedicated machine that runs only the NameNode module. Each of the other machines in

the cluster runs one instance of the DataNode module. The HDFS architecture does not

preclude running multiple DataNodes on the same machine, but in reality this is rarely the

case.

The existence of a single NameNode in a cluster greatly simplifies the architecture of

HDFS. The NameNode is an arbitrator and repository for all metadata in HDFS. The HDFS

system is designed in such a way that user data never flows through the NameNode.

HDFS is designed to support very large files, because Hadoop applications are dealing

with large data sets. These Hadoop applications write their data only once but read the

data one or more times and require these reads to be performed at streaming speeds. HDFS

supports write-once-read-many semantics on files. A typical block size used by HDFS is
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Figure 2.4: A client reads data from HDFS [73]

64 MB; thus, an HDFS file is chopped up into 64 MB chunks. If it is possible, chunks are

residing on different DataNodes .

2.2.2 Execution Process

This section introduces the execution process in HDFS. We describe the reading process

followed by the writing process.

File read

Figure 2.4 depicts the reading process from HDFS. In the first step, the client opens a

file by calling open() on the FileSystem object, which is an instance of DistributedFileSystem

in HDFS. Next, the DistributedFileSystem calls the NameNode in HDFS to determine the

locations of the first few blocks of the file. For each block NameNode returns the addresses

of the Datanaodes storing a copy of that block. The DistributedFileSystem returns an

FSDataInputStream to the client from which data is retrieved. FSDataInputStream wraps

a DFSInputStream, which manages the DataNode and NameNode I/O. After this step, the

client calls read() on the stream DFSInputStream, which has stored the DataNode addresses
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Figure 2.5: A client writes data to HDFS [73]

for the first few blocks in the file. The client connects to the first (closest) DataNode for the

first block in the file. Then, data is streamed from the DataNode to the client repeatedly

invoking read() on the stream. When the end of the block is reached, DFSInputStream will

terminate the connection with the DataNode, and find the best DataNode for the next block.

The above steps are transparent to the client. Finally, DFSInputStream calls close() on the

FSDataInputStream if the client has finished reading the data.

File write

Figure 2.5 depicts the seven-step writing process in HDFS. First, the client creates a

file by calling create() on DistributedFileSystem. Second, DistributedFileSystem makes an

RPC call to NameNode to create a brand new file containing no blocks in the filesystem’s

namespace. NameNode needs to ensure that the new file has not been created before. If the

file-existence check is passed, DistributedFileSystem returns a FSDataOutputStream back to

the client to start writing data to the file system. FSDataOutputStream wraps a DFSOutput

Stream that handles communication between DataNodes and NameNode.
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Next, the client begins writing data. DFSOutputStream splits data into packets, which

are written to an internal queue called the data queue. The data queue is consumed by

the Data Streamer. Fourth, the DataStreamer streams the packets to the first DataNode

in a pipeline, which stores the packets and forwards them to the second DataNode in the

pipeline. The second DataNode stores the packet and forwards it to the third (and last)

DataNode. Please note that each data block has three replicas stored in three different

DataNodes. Fifth, the DFSOutputStream maintains an internal queue that called the ACK

queue contains packets waiting to be acknowledged by the three DataNodes storing the

three replicas of the data block. A packet is removed from the ACK queue only when

acknowledgements are received from all the three DataNodes in the pipeline. Sixth, when

the client has finished writing data, close() is invoked on the stream to flush all the remaining

packets to the DataNode pipeline and waits for corresponding acknowledgements. Finally,

the client contacts NameNode to signal that the writing process is complete.

2.2.3 Summary

An advantage of using the Hadoop Distributed File System or HDFS is data awareness

between JobTracker and TaskTracker. JobTracker schedules map/reduce jobs to TaskTrack-

ers with an awareness of data locations. For example, let us consider a case where node A

contained data (x,y,z) and node B contained data (a,b,c). JobTracker schedules node B to

perform map/reduce tasks on (a,b,c) and node A perform map/reduce tasks on (x,y,z). This

scheduling reduces the amount of traffic over the network and prevents unnecessary data

transfer. When Hadoop is used in combination with other file systems, this data location

awareness may not be supported by the other file systems, which can have a significant

negative impact on the performance of Hadoop jobs processing massive amount of data.

A limitation of HDFS is that it cannot be directly mounted by an existing operating

system. Transferring data into and out from HDFS are often performed before and after

executing a Hadoop application. Such a data transferring process can be inconvenient and
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time consuming. A File system in Userspace (FUSE) virtual file system (VFS) has been

developed to address this problem for Linux and other Unix systems. The purpose of a VFS

is to allow client applications to access different types of file systems in a uniform way.
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Chapter 3

Improving MapReduce Performance through Data Placement in Heterogeneous Hadoop

Clusters

3.1 Motivations for New Data Placement Schemes in Hadoop

3.1.1 Data Placement Problems in Hadoop

An increasing number of popular applications have become data-intensive in nature. In

the past, the World Wide Web has been adopted as an ideal platform for developing data-

intensive applications, since the communication paradigm of the Web is sufficiently open

and powerful. Representative data-intensive Web applications include, but not limited to,

search engines, online auctions, webmails, and online retail sales. Data-intensive applications

like data mining and web indexing need to access ever-expanding data sets ranging from

a few gigabytes to several terabytes or even petabytes. Google, for example, leverages

the MapReduce model to process approximately twenty petabytes of data per day in a

parallel fashion [14]. MapReduce is an attractive model for parallel data processing in high-

performance cluster computing environments. The scalability of MapReduce is proven to be

high, because a MapReduce job is partitioned into numerous small tasks running on multiple

machines in a large-scale cluster.

As description in Chapter 2.1, a MapReduce application directs file queries to a namen-

ode, which in turn passes the file requests to corresponding data nodes in a cluster. Then,

the data nodes concurrently feed Map functions in the MapReduce application with large

amounts of data. When new application data are written to a file in HDFS, fragments of a

large file are stored on multiple data nodes across a Hadoop cluster. HDFS distributes file
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fragments across the cluster, assuming that all the nodes have identical computing capac-

ity. Such a homogeneity assumption can potentially hurt the performance of heterogeneous

Hadoop clusters. Native Hadoop makes the following assumptions. First, it is assumed that

nodes in a cluster can perform work at roughly the same rate. Second, all tasks are assumed

to make progress at a constant rate throughout time. Third, There is no cost to launching a

speculative task on a node that would otherwise have an idle slot. Fourth, tasks in the same

category (i.e., map or reduce) require roughly the same amount of work. These assumptions

motivate us to develop data placement schemes that can noticeably improve the performance

of heterogeneous Hadoop clusters.

We observe that data locality is a determining factor for Hadoop’s performance. To bal-

ance workload, Hadoop distributes data to multiple nodes based on disk space availability.

Such data placement strategy is very practical and efficient for a homogeneous environment

where nodes are identical in terms of both computing and disk capacity. In homogeneous

computing environments, all the nodes have identical workload, assuming that no data needs

to be moved from one node into another. In a heterogeneous cluster, however, a high-

performance node tends to complete local data processing faster than a low-performance

node. After the fast node finishes processing data residing in its local disk, the node has to

handle unprocessed data in a remote slow node. The overhead of transferring unprocessed

data from slow nodes to fast peers is high if the amount of moved data is huge. An approach

to improve MapReduce performance in heterogeneous computing environments is to signif-

icantly reduce the amount of data moved between slow and fast nodes in a heterogeneous

cluster. To balance data load in a heterogeneous Hadoop cluster, we are motivated to inves-

tigate data placement schemes, which aim to partition a large data set into data fragments

that are distributed across multiple heterogeneous nodes in a cluster.
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3.1.2 Contributions of our Data Placement Schemes

In this chapter, we propose a data placement mechanism in the Hadoop distributed file

system or HDFS to initially distribute a large data set to multiple nodes in accordance to

the computing capacity of each node. More specifically, we implement a data reorganization

algorithm in addition to a data redistribution algorithm in HDFS. The data reorganization

and redistribution algorithms implemented in HDFS can be used to solve the data skew

problem due to dynamic data insertions and deletions.

3.1.3 Chapter Organization

The rest of the Chapter is organized as follows. Section 3.2 describes the data distri-

bution algorithm. Section 3.3 describes the implementation details of our data placement

mechanism in HDFS. In Section 3.4, we present the evaluation results and Section 3.5 sum-

marizes the design and implementation of our data placement scheme for heterogeneous

Hadoop clusters.

3.2 The Data Placement Algorithm

3.2.1 Data Placement in Heterogeneous Clusters

In a cluster where each node has a local disk, it is efficient to move data processing

operations to nodes to which application data are located. If data are not locally available in a

processing node, data have to be moved via network interconnects to the node that performs

the data processing operations. Transferring a large amount of data leads to excessive

network congestions, which in turn can deteriorate system performance. HDFS enables

Hadoop applications to transfer processing operations toward nodes storing application data

to be processed by the operations.

In a heterogeneous cluster, the computing capacities of nodes may significantly vary. A

high-performance node can finish processing data stored in a local disk of the node much

28



faster than its low-performance counterparts. After a fast node completes the processing of

its local input data, the fast node must perform load sharing by handling unprocessed data

located in one or more remote slow nodes. When the amount of transferred data due to load

sharing is very large, the overhead of moving unprocessed data from slow nodes to fast nodes

becomes a critical performance bottleneck in Hadoop clusters. To boost the performance of

Hadoop in heterogeneous clusters, we aim to minimize data movement activities observed

among slow and fast nodes. This goal can be achieved by a data placement scheme that

distributes and stores data across multiple heterogeneous nodes based on their computing

capacities. Data movement overheads can be reduced if the number of file fragments placed

on the disk of each node is proportional to the node’s data processing speed.

To achieve the best I/O performance, one may make replicas of an input data file of a

Hadoop application in a way that each node in a Hadoop cluster has a local copy of the input

data. Such a data replication scheme can, of course, minimize data transfer among slow and

fast nodes in the cluster during the execution of the Hadoop application. Unfortunately,

such a data-replication approach has three obvious limitations. First, it is very expensive to

create a large number of replicas in large-scale clusters. Second, distributing a huge number

of replicas can wastefully consume scarce network bandwidth in Hadoop clusters. Third,

storing replicas requires an unreasonably large amount of disk space, which in turn increases

the cost of building Hadoop clusters.

Although all replicas can be produced before the execution of Hadoop applications,

significant efforts must be make to reduce the overhead of generating excessive number of

replicas. If the data-replication approach is employed in Hadoop, one has to address the

problem of high overhead for creating file replicas by implementing a low-overhead file-

replication mechanism. For example, Shen and Zhu developed a proactive low-overhead file

replication scheme for structured peer-to-peer networks [67]. Shen and Zhu’s scheme may

be incorporated to overcome this limitation.
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To address the above limitations of the data-replication approach, we are focusing on

data-placement strategies where files are partitioned and distributed across multiple nodes

in a Hadoop cluster without any data replicas. Our data placement approach does not rely

on any comprehensive scheme to deal with data replicas. Nevertheless, our data placement

scheme can be readily integrated with any data-replication mechanism.

In our data placement management mechanism, we designed two algorithms and incor-

porated the algorithms into Hadoop’s HDFS. The first algorithm is to initially distribute file

fragments to heterogeneous nodes in a cluster (see Section 3.2.2). When all file fragments

of an input file required by computing nodes are available in a node, these file fragments

are distributed to the computing nodes. The second data-placement algorithm is used to

reorganize file fragments to solve the data skew problem (see Section 3.2.3). There two cases

in which file fragments must be reorganized. In case one, new computing nodes are added

to an existing cluster to have the cluster expanded. In case two, new data is appended to

an existing input file. In both cases, file fragments distributed by the initial data placement

algorithm can be disrupted.

3.2.2 Initial Data Placement

The initial data-placement algorithm begins by dividing a large input file into a number

of even-sized fragments. Then, the data placement algorithm assigns fragments to nodes in a

cluster in accordance to the nodes’ data processing speed. Compared with low-performance

nodes, high-performance nodes are expected to store and process more file fragments. Let us

consider a Hadoop application processing its input file on a heterogeneous cluster. Regardless

of the heterogeneity in node processing power, the initial data placement scheme has to

distribute the fragments of the input file in a way that all the nodes can complete processing

their local data within almost the same time period.

In our preliminary experiments, we observed that the computing capability of each node

in a Hadoop cluster is quite stable for a few tested Hadoop benchmarks, because the response
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time of these Hadoop benchmarks on each node is linearly proportional to input data size.

As such, we can quantify each node’s processing speed in a heterogeneous cluster using a

new term called computing ratio. The computing ratio of a computing node with respect

to a Hadoop application can be calculated by profiling the application (see Section 3.3.1

for details on how to determine computing ratios). Our preliminary findings show that the

computing ratio of a node may vary from application to application.

3.2.3 Data Redistribution

Table 3.1: The Data Redistribution Procedure
Steps The Data Redistribution Procedures

1
Get the network topology, calculate the computing
ratio and utilization

2
Build and sort two lists: under-utilized node list
and over-utilized node list

3 Select the source and destination node from the separate lists
4 transfer date from source node to destination node
5 Repeat step 3, 4 until any list is empty

Input file fragments distributed by the initial data-placement algorithm can be disrupted

due to one of the following reasons: (1) new data is appended to an existing input file; (2)

data blocks are deleted from the existing input file; (3) new data computing nodes are added

into an existing cluster, and (4) existing computing nodes are upgraded (e.g., main memory

is expanded or hard drives are upgraded to solid state disks). These reasons may trigger

the need to solve dynamic data load-balancing problems. To address the dynamic load-

balancing issue, we design a data redistribution algorithm to reorganize file fragments based

on updated computing ratios.

The data redistribution algorithm 3.1 is described as the following three main steps.

First, like the initial data placement, the data redistribution algorithm must be aware

of and collect information regarding the network topology and disk space utilization of a

cluster.
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Second, the data redistribution algorithm creates and maintains two node lists. The

first list contains a set of nodes in which the number of local fragments in each node exceeds

its computing capacity. The second list includes nodes that can handle more local fragments

thanks to their high performance. The first list is called over-utilized node list; the second

list is termed as under-utilized node list.

Third, the data redistribution algorithm repeatedly moves file fragments from an over-

utilized node to an underutilized node until data load are evenly distributed and shared

among all the nodes. In a process of migrating data between a pair of an over-utilized and

an under-utilized nodes, the data redistribution algorithm moves file fragments from a source

node in the over-utilized node list to a destination node in the underutilized node list. Note

that the algorithm decides the number of bytes rather than fragments and moves fragments

from the source to the destination node.

The above load sharing process is repeated until the number of local fragments in each

node matches its speed measured by computing ratio. After the data redistribution algorithm

is completed, all the heterogeneous nodes in a cluster are expected to finish processing their

local data within almost the same time period.

3.3 Implementation of the Data Placement Schemes

3.3.1 Measuring Heterogeneity

Before implementing the initial data placement algorithm, we need to quantify the

heterogeneity of a Hadoop cluster in terms of data processing speed. Such processing speed

highly depends on data-intensive applications. Thus, heterogeneity measurements in the

cluster may change while executing different MapReduce applications. We introduce a metric

- called computing ratio - to measure each node’s processing speed in a heterogeneous cluster.

Computing ratios are determined by a profiling procedure carried out in the following three

steps. First, the data processing operations of a given MapReduce application are separately

performed in each node. To fairly compare processing speeds, we ensure that all the nodes
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process the same amount of data. For example, in one of our experiments the input file

size is set to 1GB. Second, we record the response time of each node performing the data

processing operations. Third, the shortest response time is used as a reference to normalize

the response time measurements. Last, the normalized values, called computing ratios, are

employed by the data placement algorithm to allocate input file fragments for the given

MapReduce application.

A small computing ratio of a node implies that the node has high speed, indicating that

the node should process more file fragments than its slow counterparts.

Now let us make use of an example to demonstrate how to calculate computing ratios

that guide the data distribution process. Suppose there are three heterogeneous nodes (i.e.,

Node A, B and C) in a Hadoop cluster. After running a Hadoop application on each node,

we record that the response times of the application on node A, B and C are 10, 20 and

30 seconds, respectively. The response time of the application on node C is the shortest.

Therefore, the computing ratio of node A with respect to this application is set to 1, which

becomes a reference used to determine computing ratios of node B and C. Thus, the com-

puting ratios of node B and C are 2 and 3, respectively. Recall that the computing capacity

of each node is quite stable with respect to a Hadoop application. Hence, the computing

ratios are independent of input file sizes. Now, the least common multiple of these ratios

1, 2, 3 is 6. We divide 6 by the ratio of each node to get its portion. Table 3.2 shows the

response times and computing ratios for each node in a Hadoop cluster. Table 3.2 shows the

number of file fragments to be distributed to each node in the cluster. Intuitively, the fast

computing node (i.e., node A) has to handle 60 file fragments whereas the slow node (i.e.,

3) only needs to process 20 fragments.

3.3.2 Sharing Files among Multiple Applications

The heterogeneity measurement of a cluster depends on data-intensive applications.

If multiple MapReduce applications must process the same input file, the data placement
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Table 3.2: Computing ratios, response times, and number of file fragments for three nodes
in a Hadoop cluster

Node Response time Ratio File fragments Speed
Node A 10 1 6 Fastest
Node B 20 2 3 Average
Node C 30 3 2 Slowest

mechanism may need to distribute the input file’s fragments in several ways - one for each

MapReduce application. In the case where multiple applications are similar in terms of data

processing speed, one data placement decision may fit the needs of all the applications.

3.3.3 Data Distribution.

File fragment distribution is governed by a data distribution server, which constructs

a network topology and calculates disk space utilization. For each MapReduce application,

the server generates and maintains a configuration file containing a list of computing-ratio

information. The data distribution server applies the round-robin policy to assign input file

fragments to heterogeneous nodes based on their computing ratios. When a new Hadoop

application is installed on a cluster, the application’s configuration file will be created by the

data distribution server. In case any node of a cluster or the entire cluster is upgraded, the

configuration files of all the Hadoop applications installed in the cluster must be updated

by the data distribution server. This update process is important because computing ratios

are changing after any update on the cluster.

3.4 Performance Evaluation

In this part of the study, we use two data-intensive applications - Grep and WordCount

- to evaluate the performance of our data placement mechanism in a heterogeneous Hadoop

cluster. The tested cluster consists of five heterogeneous computing nodes (see Table 3.3

for the configuration summary of the cluster). Both Grep and WordCount are two Hadoop

applications running on the tested cluster. Grep is a tool searching for a regular expression
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in a text file; whereas WordCount is a program used to count the number of words in text

files.

Table 3.3: Five Nodes in a Hadoop Heterogeneous Cluster
Node CPU Model CPU(hz) L1 Cache(KB)

Node A Intel Core 2 Duo 2 ×1G=2G 204
Node B Intel Celeron 2.8G 256
Node C Intel Pentium 3 1.2G 256
Node D Intel Pentium 3 1.2G 256
Node E Intel Pentium 3 1.2G 256

The data distribution server follows the approach described in Section 3.3.1 to obtain

computing ratios of the five computing nodes with respect to the Grep and WordCount appli-

cations (see Table 3.4). The computing ratios shown in Table 3.4 represent the heterogeneity

of the Hadoop cluster with respect to Grep and WordCount. The information contained in

Table 3.4 is created by the data distribution server and is stored in a configuration file by

this server.

We observe from Table 3.4) that computing ratios of a Hadoop cluster are application

dependent. For example, node A is 3.3 times faster than nodes C-E with respect to the Grep

application; node A is 5 (rather than 3.3) times faster than nodes C-E when it comes to the

WordCount application. The implication of the results is that given a heterogeneous cluster,

one has to determine computing ratios for each Hadoop application. Note that computing

ratios of each application only needs to be calculated once for each cluster. If any hardware

component of a cluster is updated, computing ratios stored in the configuration file must be

determined by the data distribution server again.

Figures 3.1 and 3.2 show the response times of the Grep and WordCount applications

running on each node of the Hadoop cluster when the input file size is 1.3 GB and 2.6

GB, respectively. The results plotted in Figures 3.1 and 3.2 suggest that computing ratios

are independent of input file size, because the response times of Grep and WordCount are

proportional to the file size. Regardless of input file size, the computing ratios for Grep and

WordCount on the 5-node Hadoop clusters remain unchanged (see Table 3.4 for the ratios).
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Figure 3.1: Response time of Grep on each node
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Figure 3.2: Response time of Wordcount on each node
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Figure 3.3: Impact of data placement on performance of Grep
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Figure 3.4: Impact of data placement on performance of WordCount
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Table 3.4: Computing Ratios of the Five Nodes with Respective of the Grep and WordCount
Applications

Computer Node Ratios for Grep Ratios for WordCount
Node A 1 1
Node B 2 2
Node C 3.3 5
Node D 3.3 5
Node E 3.3 5

Given the same input file size, Grep’s response times are shorter than those of Word-

Count (see Figs. 3.1 and 3.2). As a result, the computing ratios of Grep are different from

those of WordCount (see Table 3.4).

Table 3.5: Six Data Placement Decisions
Notation Data Placement Decisions

S1-2-3.3
Distributing files under the computing ratios
of the grep. (This is an optimal data place-
ment for Grep)

S1-2-5
Distributing files under the computing ratios
of the wordcount. (This is an optimal data
placement for WordCount)

480 in each Average distribution of files to each node.
All-in-A Allocating all the files to node A.
All-in-B Allocating all the files to node B.
All-in-C Allocating all the files to node C.

Now we are positioned to evaluate the impacts of data placement decisions on the

response times of Grep and WordCount (see Figures 3.3 and 3.4). Table 3.5 shows six

representative data placement decisions, including two optimal data-placement decisions

(see S1-2-3.3 and S1-2-5 in Table 3.5) offered by the data placement algorithm for the Grep

and WordCount applications. The file fragments of input data are distributed and placed on

the five heterogeneous nodes based on six different data placement decisions, among which

two optimal decisions (i.e., S1-2-3.3 and S1-2-5 in Table 3.5) are made by our data placement

scheme based on the computing ratios stored in the configuration file (see Table 3.4).

Let us use an example to show how the data distribution server relies on the S1-2-3.3

decision - optimal decision for Grep - in Table 3.5 to distribute data to the five nodes of the
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tested cluster. In accordance with the configuration file managed by the data distribution

server, the computing ratios of Grep on the 5-node Hadoop cluster are 1, 2, 3.3, 3.3, and 3.3

for nodes A-E (see Table 3.4). We suppose there are 24 fragments of the input file for Grep.

Thus, the data distribution server allocates 10 fragments to node A, 5 fragments to node B,

and 3 fragments to nodes C-E.

Figure 3.3 reveals the impacts of data placement on the response times of the Grep

application. The first (leftmost) bar in Figure 3.3 shows the response time of the Grep ap-

plication after distributing file fragments based on Grep’s computing ratios. For comparison

purpose, the other bars in Figure 3.3 show the response time of Grep on the 5-node cluster

with the other five data-placement decisions. For example, the third bar in Figure 3.3 is the

response time of Grep when all the input file fragments are evenly distributed across the five

nodes in the cluster.

We observe from Figure 3.3 that the first data placement decision (denoted as S1-2-

3.3) leads to the best performance of Grep, because the input file fragments are distributed

strictly according to the nodes’ computing ratios. If the file fragments are placed using

the ”All-in-C” data-placement decision, Grep performs extremely poorly. Grep’s response

time is unacceptably long under the ”All-in-C” decision, because all the input file fragments

are placed on node C - one of the slowest node in the cluster. Under the ”All-in-C” data

placement decision, the fast nodes (i.e., nodes A and B) have to pay extra overhead to copy a

significant amount of data from node C before locally processing the input data. Compared

with the ”All-in-C” decision, the optimal data placement decision reduces the response time

of Grep by more than 33.1%.

Figure 3.4 depicts the impacts of data placement decisions on the response times of the

WordCount application. The second bar in Figure 3.4 demonstrates the response time of

the WordCount application on the cluster under an optimal data placement decision. In

this optimal data placement case, the input file fragments are distributed according to the

computing ratios (see Table 3.4) decided and managed by the data distribution server. To
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illustrate performance improvement achieved by our new data placement strategy, we plotted

the other five bars in Figure 3.4 to show the response time of WordCount when the other five

data-placement decisions are made and applied. The results plotted in Figure 3.4 indicate

that the response time of WordCount under the optimal ”S1-2-5” data placement decision

is the shortest compared with all the other five data placement decisions. For example,

compared with the ”All-in-C” decision, the optimal decision made by our strategy reduces

the response time of WordCount by 10.2%. The ”S1-2-5” data placement decision is proved

to be the best, because this data placement decision is made based on the heterogeneity

measurements - computing ratios in Table 3.4. Again, the ”All-in-C” data placement decision

leads to the worst performance of WordCount, because under the ”All-in-C” decision the

fast nodes have copy a significant amount of data from node C. Moving data from node C

to other fast nodes introduces extra overhead.

In summary, the results reported in Figures 3.3 and 3.4 show that our data placement

scheme can improve the performance of Grep and Wordcount by up to 33.1% and 10.2%

with averages of 17.3% and 7.1%, respectively.

3.5 Summary

In this Chapter, we described a performance problem in HDFS (Hadoop Distributed

File System) on heterogeneous clusters. Motivated by the performance degradation caused

by heterogeneity, we designed and implemented a data placement mechanism in HDFS. The

new mechanism distributes fragments of an input file to heterogeneous nodes according to

their computing capacities. Our approach significantly improves performance of Hadoop

heterogeneous clusters. For example, the empirical results show that our data placement

mechanism can boost the performance of the two Hadoop applications (i.e., Grep and Word-

Count) by up to 33.1% and 10.2% with averages of 17.3% and 7.1%, respectively.

In a future study, we will extend this data placement scheme by considering the data

redundancy issue in Hadoop clusters. We also will design a dynamic data distribution
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mechanism for mutliple data-intensive applications sharing and processing the same data

sets.
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Chapter 4

Predictive Scheduling and Prefetching for Hadoop clusters

In Chapter 2.1, we introduced MapReduce - a programming model and framework that

has been employed to develop a wide variety of data-intensive applications in large-scale

systems. Recall that Hadoop is a Yahoo’s implementation of the MapReduce model. In

the previous Chapter, we proposed a novel data placement scheme to improve performance

of heterogeneous Hadoop clusters. In this Chapter, we focus on predictive scheduling and

prefetching issues in Hadoop clusters.

4.1 Motivations for a New Prefetching/Scheduling Mechanism in Hadoop

4.1.1 Data Locality Problems in Hadoop

In this Chapter, we first observe the data movement and task process patterns of

Hadoop. Then, we identify a data locality problem in Hadoop. Next, we design a pre-

dictive and scheduling mechanism called PSP to solve the data locality problem to improve

the performance of Hadoop. We show a way of aggressively searching for subsequent blocks

to be prefetched, thereby avoiding I/O stalls incurred by data accesses. At the core of our

approach is a predictive scheduling module, which can be integrated with the native Hadoop

system.

In what follows, we highlight four factors making predictive scheduling and prefetching

very desirable and possible:

1. the underutilization of CPU processes in data nodes of a Hadoop cluster;

2. the growing importance of Hadoop performance;
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3. the data storage information offered by the Hadoop distribution file system (HDFS);

and

4. interaction between the master node ant slave nodes (a.k.a., data nodes).

Our preliminary results show that CPU and I/O workload are underutilized when a

data-intensive application is running on a Hadoop cluster. In Hadoop, HDFS is tuned to

support large files and; typically, file sizes are ranging from gigabytes to terabytes. HDFS

(see Chapter 2.2 for details on HDFS) spilts a large file to several partitions and distributes

to multiple nodes in a Hadoop cluster. HDFS handles the index information - called meta

data - of large files to manage their file partitions. These partitions are the the basic data

elements in HDFS; the size of the partitions by default is 64 MB. Please note that the big

block size (i.e., 64 BM) can shorten disk seeking times; however, because of the large block

size, the data transfer time dominates the entire I/O access time of the large blocks. In

addition to large data transfer times, and I/O stalls are also a significant factor in the data

processing times. This noticeable I/O stalls motivate us to investigate prefetching techniques

to boost I/O performance of HDFS and improve the performance of Hadoop clusters.

The second factor encouraging us to study the prefetching issue in Hadoop is that high-

performance CPUs are processing data much faster than disks can read and write data.

Simply increasing I/O caches can not continue improving the performance of I/O systems

and CPUs [51]. In Hadoop clusters, before a computing node launches a new task, the node

requests task assignments from the master node in the clusters. The master node informs the

computing node important meta data, which includes not only the next task to be running

on the node but also the location of the data to be processed by the task. The computing

node does not retrieve required input data until the data’s meta-data become available. This

procedure implies that the CPU of the computing node has to wait for a noticeable time

period while the node is communicating with the master node to acquire the meta-data. We

believe that a prefetching scheme can be incorporated into this data processing procedure

in Hadoop to prevent CPUs from waiting for the master node to deliver meta-data.
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A master node (a.k.a., NameNode) in HDFS manages meta data of input files, whereas

input data sets are stored in slave nodes (a.k.a., DataNodes). This characteristic of NameN-

ode allows us to access each block in a large file through the file’s meta-data. Hadoop ap-

plications like web-index and search engines are data-intensive in general and read-intensive

in particular. The access patterns of Hadoop applications can be tracked and predicted for

the purpose of data accessing and task scheduling in Hadoop clusters.

In this Chapter, we present a predictive scheduling and prefetching mechanism that aims

at improving the performance of Hadoop clusters. In particular, we propose a predictive

scheduling algorithm to assign tasks to DataNodes in a Hadoop cluster. The prefetching

scheme described in this Chapter manages the data loading procedure in HDFS. The basic

idea of our scheduling and prefetching mechanism is to preload input data from local disks

and place the data into the local cache of the DataNodes as late as possible without any

starting delays of new tasks assigned to the DataNodes.

The novelty of this part of the dissertation study lies in our new mechanism that in-

tegrates a prefetching scheme with a predictive scheduling algorithm. The original Hadoop

system randomly assigns tasks to computing nodes and loads data from local or remote disks

whenever the data sets are required. CPUs of the computing nodes will not process new

tasks until all the input data resources are loaded into the nodes’ main memory. The coor-

dination between CPUs and disks in terms of data I/O has a negative impact on Hadoop’s

performance. In the design of our mechanism, we change the order of the processing proce-

dure, our prefetching scheme assists Hadoop clusters to preload required input data prior to

launching tasks on DataNodes.

4.1.2 Contributions of our Prefetching and Scheduling Mechanism

The major contribution of this Chapter is a prefetching algorithm and a predictive

scheduling algorithm. The integration of the two algorithms aim at the following four goals:

1. to preload input data from local disks prior to new task assignments;
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2. to shorten CPU waiting times of DataNodes;

3. to start running a new task immediately after the task is assigned to a DataNode; and

4. to improve the overall performance of Hadoop clusters.

We evaluate our prefetching and scheduling solutions using a set of Hadoop benchmarks

on a real-world cluster. Evaluation results show that our prefetching and scheduling mecha-

nism can achieve at least 10% reduction in execution times compared with the native Hadoop

system.

4.1.3 Chapter Organization

The rest of this Chapter is organized as follows. Section 4.2 first describes the system

architecture followed by the design of prefetching and scheduling algorithms. Section ??

highlights the implementation details of our prefetching and scheduling mechanism. In Sec-

tion 4.3, we present the evaluation results and Section 4.4 summarizes this Chapter.

4.2 Design and Implementation Issues

In this section, we present the challenges and goals on designing our prefetching and

scheduling mechanism in the context of Hadoop clusters. Then, we discuss the components

of this mechanism in detail.

4.2.1 Desgin Challenges

A variety of scheduling technologies are now available; it is likely to address the per-

formance problem described in the previous section from computation perspective. Such

scheduling methods arrange tasks and sequences to each computing node of a cluster. How-

ever, the problem always exist that huge mount data should be loaded to main memory before

tasks are launched on the nodes. The goal of this study in our dissertation research is to
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investigate scheduling and prefetching methods for successfully reducing perceived latencies

associated with the HDFS file system operations.

One of Hadoop’s design principles is that moving computation is cheaper than moving

data. This principle indicates that it is often efficient to migrate processing tasks closer

to where input data is located rather than moving data toward to a node where tasks are

running. This principle is especially true when the size of data sets is huge, because the mi-

gration of computations minimizes network congestions and increases the overall throughput

of Hadoop clusters. A recent study [64] shows that the best case of task scheduling in HDFS

is when the scheduler assigns corresponding tasks into the local node. The second best case

is when the scheduler assigns tasks into the local rack.

Most of the existing scheduling algorithms focus on improving the performance of CPUs.

In addition to CPU performance, data locality is another important issue to be addressed in

clusters. In our previous Chapter, we described our new data placement algorithm applied to

distribute input data according to DataNodes’ computing capability. In our data placement

scheme, fast nodes are assigned more data than slow ones. A data-locality-aware scheduling

mechanism can directly allocate more tasks to fast nodes than slow nodes.

Some characteristics of the Hadoop system make data prefetching in Hadoop’s file sys-

tem quite different from prefetching in other files systems. In what follows, we present three

challenges involved in building our prefetching mechanism for the Hadoop system. The

main idea of our design is to preload input data within a single block while performing a

CPU-intensive task on a DataNode. When a map task is running on a DataNode, the to-

be-required data is prefetched and stored in the cache of the DataNode. In order to preload

data prior to task assignments, we need to consider the following issues:

1. Which data blocks should be preloaded?

2. Where are data blocks located?

3. How to synchronize computing tasks with the data prefetching process?
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4. How to optimize the size of cache for prefetched data.

The first two issues in the above list deal with what data blocks to be prefetched. The

third issue in the list is focused on the best time point to trigger the prefetching procedure.

For example, if data blocks are fetched into cache too earlier, the scarce cache in DataNodes

is underutilized. In contrast, if the data blocks are fetched too late, CPU waiting times

are increased. The last issue in the list is related to a way of efficiently prefetching data

blocks in HDFS. For example, we must determine the best size of prefetched data in each

DataNode to fully utilize the cache resources. If the prefetched data size is optimized, then

our prefetching mechanism can maximize benefit for Hadoop clusters by minimizing the

prefetching overhead.

4.2.2 Objectives

The goal of this study is to investigate methods for reducing data accessing times by

hiding I/O latencies in Hadoop clusters. There are the following three objectives in this part

of the study:

1. We propose a data-locality aware scheduling mechanism. We examine the feasibility

of improving the performance of Hadoop by hiding I/O accessing latencies.

2. We develop a prefetching scheme to boost I/O performance of HDFS.

3. To quantify the benefits of our prefetching strategy, we compare the response time of

benchmarks running on a Hadoop cluster equipped with our prefetching mechanism

against the same cluster without adopting our scheme.

4.2.3 Architecture

Recall that Hadoop is a Yahoo’s open-source implementation of the MapReduce pro-

gramming model [78]. Hadoop is widely deployed in large-scale clusters in data centers in

many companies like Facebook, Amazon, and the New York Times. Hadoop relies on its
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Figure 4.1: The architecture and workflow of MapReduce

distributed file system called HDFS (Hadoop Distributed File System) [13] to manage a

massive amount of data. The Hadoop running system coupled with HDFS manages the

details parallelism and concurrency to provide ease of parallel programming with reinforced

reliability. Moreover, Hadoop is a java software framework that supports data-intensive dis-

tributed applications [23]. Please refer to Chapter 2.2 for more background information on

Hadoop and HDFS.

Figure 4.1 illustrates the general architecture and the typical workflow of the Hadoop

system. An input file is partitioned into a set of blocks (a.k.a., fragments) distributed among

DataNodes in HDFS. Map tasks process these small data block and generate intermediate

outputs. Multiple intermediate outputs generated from the DataNoodes are combined into

to a single large intermediate output. The partitioner controls < key, value > pairs of the

intermediate map results. Therefore, the < key, value > pairs with the same key are shuffled

to the same reduce task to be further sorted and processed.
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In the above procedure, huge amounts of data are loaded from disk to main memory.

Nevertheless, our preliminary experiments indicate that the bandwidths of disks in DataN-

odes of HDFS are not saturated. The preliminary findings suggest that the underutilized

disk bandwidth during the above shuffling process can be leveraged to prefetch data blocks.

4.2.4 Predictive Scheduler

We design a predictive scheduler - a flexible task scheduler - to predict the most appro-

priate task trackers to which future tasks should be assigned. Once the scheduling decisions

are predicted ahead of time, DataNodes can immediately start loading < key, value > pairs.

Our predictive scheduler allows DataNodes to explore the underutilized disk bandwidth by

preloading < key, value > pairs.

Let us start describing this scheudling mechanism by introducing the native Hadoop

scheduler. The job tracker includes a task scheduler module to assign tasks to different task

trackers. The task tracker periodically sends a heartbeat to the job tracker. The job tracker

checks heartbeat and assigns tasks to available task trackers. The scheduler assigns each task

to a node randomly via the same heartbeat message protocol. The algorithm for predicting

stragglers in the native Hadoop is inadequate, because the original algorithm uses a single

heuristic variable for prediction purpose. The native Hadoop randomly assigns tasks and

mispredicts stragglers in many cases.

To address the aforementioned problem, we develop a predictive scheduler by designing

a prediction algorithm integrated with the native Haddop. Our predictive scheduler seeks

stragglers and predicts candidate data blocks. The prediction results on the expected data

are sent to corresponding tasks. The prediction decisions are made by a prediction module

during the prefetching stage.

We seamlessly integrate the predictive scheduler with the prefetching module. Below

let us describe the structure of the prefetching module, which consists of a single prefetching

manager and multiple worker threads. The role of the prefetching manager is to monitor
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Figure 4.2: Three basic steps to launch a task in Hadoop.

the status of worker threads and to coordinate the prefetching process with tasks to be

scheduled. When the job tracker receives a job request from a Hadoop application, the job

tracker places the job in an internal queue and initializes the job [76][73]. The job tracker

divides a large input file to several fixed-size blocks and creates one map task for each block.

Thus, the job tracker partitions the job into multiple tasks to be processed by task trackers.

When the job tracker receives a heartbeat message from an idle task tracker, the job tracker

retrieves a task from the queue and assigns the task to the idle task tracker. After the task

tracker obtains the task from the job tracker, the task is running on the task tracker.

Figure 4.2 shows that the Hadoop system applies the following three basic steps to

launch a task. First, the job tracker localizes the job JAR by copying the job from the

shared file system to the task tracker’s file system. The job tracker also copies any required
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files by the Hadoop application from the distributed cache to the local disk. Second, the job

tracker creates a local working directory for the task, and un-jars the contents of the JAR

into this directory. Last, an instance of TaskRunner is created to launch a new Java Virtual

Machine to run the task.

In our design, the above task launching procedure is monitored by the prediction module.

Specifically, the prediction module in the scheduler predicts the following events.

1. finish times of tasks currently running on nodes of a Hadoop cluster;

2. pending tasks to be assigned to task trackers; and

3. launch times of the pending tasks.

4.2.5 Prefetching

Upon the arrival of a request from the Job tracker, the predictive scheduler triggers the

prefetching module that forces preload worker threads to start loading data to main memory.

The following three issues must be addressed in the prefetching module.

When to prefetch. In this first issue, the prefetching module controls how early to trigger

prefetching actions. In the previous Chapter, we showed that one node process the same

block size data in a fix time period. Before a block finishes, the subsequent block will be

loaded into the main memory of the node. The prediction module assists the prefetching

module to estimate the execution time of processing each block in a node. Please note that

the block processing time of an application on different nodes may vary in a heterogeneous

cluster. The estimates are calculated by statistically measuring the processing times of blocks

on all the nodes in a cluster. This statistic measuring can be performed offline.

What to prefech. In the second issue, the prefetching module must determine blocks to

be prefetched. Initially, the predictive scheduler assigns two tasks to each task tracker in a

node. When the prefetching module is triggered, it proactively contacts the job tracker to

seek required information regarding data to be processed by subsequent tasks.
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How much to prefetch. In the last issue, the prefetching module decides the amount of

data to be preloaded. When one task is running, the predictive scheduler manages one or

more waiting tasks in the queue. When the prefetching action is triggered, the prefetching

module automatically fetches data form disks. Due to the large block size in HDFS, we

intend not to make our prefetching module very aggressive. Thus, there is only one block

being prefeched at a time.

The most important part of the prefetching work is to synchronize two resources in the

MapReduce system: the computing task and the data block. The scheduler in the MapRe-

duce always collects all the running task information and constructs a RunningTaskList.

It separately caches the different types of tasks in a map task list and a reduce task list.

The job tracker can manage the current task according to these lists [64]. The prefetching

manager in the master node constructs a list known as the data list, a collection of all the

data block location information.

The role of worker thread in each node is to load the file into the memory. In the native

MapReduce system, this step is processed in the initial function (localizejob) after the task

tracker receives the task command. In our design, the prefetching manager provides the

block location and task environment information to a worker thread. The worker thread can

finish the data loading job all by itself before the task is received.

4.3 Performance Evaluation

4.3.1 Experimental Environment

To evaluate the performance of the proposed predictive scheduling and prefetching mech-

anism, we run Hadoop benchmarks on a 10-node cluster. Table 4.1 summarizes the configu-

ration of the cluster used as a testbed of the performance evaluation. Each computing node

in the cluster is equipped with two dual-core 2.4 GHz Intel processors, 2GB main memory,

120GB SATA hard disk, and a Gigabit Ethernet network interface card.
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In our experiments, we configure the block size of HDFS to be 64 MB and the number

of replicas of each data block to be one. It does not imply by any means that one should not

increase the number of replica to three - a default value in HDFS. In this study, we focus

on impact of predictive scheduling and prefetching on Hadoop. We intentionally disable the

data replica feature of HDFS, because data replicas make performance impacts on HDFS.

Our predictive scheduling and prefetching mechanism can be employed in combination with

the data replica mechanism to further improve performance of HDFS.

Table 4.1: Test Setting
CPU Intel Xeon 2.4GHz

Memory 2GB Memory
Disk SEGATE 146GB

Operation System Ubuntu 10.4
Hadoop version 0.20.2

In our experiments, we test the following two Hadoop benchmarks running on the

Hadoop system, in which the predictive scheduler is incorporated to improve the perfor-

mance of the Hadoop cluster.

1. WordCount (WC): WordCount counts the frequency of occurrence for each word in a

text file. The Map tasks process different sections of input files and return intermediate

data that consists of several pairs word and frequency. Then, the Reduce tasks add up

the values for each identity word. The Word-Count is considered as a memory-intensive

application.

2. Grep (GR): Grep is a searching tool for a regular expression in a text file. Unlike

WordCount, Grep is a data-intensive application.

4.3.2 Individual Node Evaluation

Figure 4.3 shows the execution times of the Grep application running in our prefetching-

enabled Hadoop system (PSP) and the native Hadoop system. To demonstrate the impact
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Figure 4.3: The execution times of Grep in the native Hadoop system and the prefetching-
enabled Hadoop system (PSP).

of main memory on the performance of our prefetching-enabled Hadoop, we choose the main

memory size of the computing nodes in our cluster to be 1 GB to 2 GB. The first two bars

in each result group in Figure 4.3 are the response times of Grep on the cluster in which

each node has 1 GB of memory. The last two bars in each result group in Figure 4.3 are the

response times of Grep on the same cluster in which each node has 2 GB of memory.

Figure 4.3 shows that performance of the Hadoop cluster is very sensitive to main

memory size. For example, when the input data size is 100MB, increasing the memory size

from 1 GB to 2 GB can reduce the execution time of the Grep benchmark by 32%. When the

input data size becomes 4GB, a large memory capacity (i.e., 2 GB) reduces Grep’s execution

time by 45% compared with the same cluster with small memory capacity (i.e., 1 GB).

Our results indicate that a larger input file makes the Hadoop cluster more sensitive to the

memory size. Intuitively, increasing memory size is an efficient way to boost the performance
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Figure 4.4: The execution times of WordCount in the native Hadoop system and the
prefetching-enabled Hadoop system (PSP).

of Hadoop cluster processing large files. It is worth noting that expanding memory size of

Hadoop cluster is not a cost-effective way of boosting system performance.

Figure 4.3 also reveals that when the input data size is smaller than or equal to 500MB,

our predictive scheduling and prefetching module does not make any noticeable impact on

the performance of Hadoop. In contrast, when it comes to large input data size (e.g., 2

GB and 4 GB), the predictive scheduling and prefetching (PSP) significantly reduces the

response time of Grep by 9.5% (for the case of 1 GB memory) and 8.5% (for the case of 2

GB memory), respectively.

Figure 4.4 shows the execution times of the WordCount benchmark running in both our

prefetching-enabled Hadoop system (PSP) and the native Hadoop system. The performance

trend illustrated in Figure 4.4 is very similar to that observed in Figure 4.3. For example,

Figure 4.4 suggests that memory size has significant impacts on the execution time of the

WordCount benchmark on Hadoop clusters when the input file is large. The experimental
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Figure 4.5: The performance of Grep and WordCount when a single large file is processed
by the prefetching-enabled Hadoop system (PSP).
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Figure 4.6: The performance of Grep and WordCount when multiple small files are processed
by the prefetching-enabled Hadoop system (PSP).
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(a) The response time comparison between the na-
tive Hadoop system and the prefetching-enabled
Hadoop system (PSP) processing a single large file.
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(b) Performance improvement offered by the
prefetching-enabled Hadoop system (PSP) pro-
cessing a single large file.
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(c) The response time comparison between the na-
tive Hadoop system and the prefetching-enabled
Hadoop system (PSP) processing multiple small
files.
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(d) Performance improvement offered by the
prefetching-enabled Hadoop system (PSP) pro-
cessing multiple small files.

Figure 4.7: The performance improvement of our prefetching-enabled Hadoop system (PSP)
over the native Hadoop system.

results plotted in Figure 4.4 also confirm that compared with the native Hadoop, our PSP

mechanism can reduce the response time of WordCount by 8.9% (for the case of 1 GB

memory) and 8.1% (for the case of 1 GB memory), respectively.

4.3.3 Large vs. Small Files

To evaluate the impact of file size on the performance of Hadoop clusters, we compare the

execution times of Grep and WordCount processing both a single large file and multiple small
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files. Keeping the input data amount fixed, we test two different types of data configuration

for both Grep and WordCount. In this first configuration, the input data is a single 1 GB

file. In the second case, we divide this 1GB input file into 1000 small files of equal size (i.e.,

the size of each small file is 1MB).

Figure 4.5 shows that although the total data amount (i.e., 1GB) for both configura-

tions is the same, our predictive scheduling and prefetching scheme (PSP) offers different

performance improvements for the two data configurations. Specifically, our PSP approach

reduces the response time of Grep by 9.1% for the first case of a single large file and 18% for

the second case of multiple small files. PSP also shortens the response time of WordCount by

8.3% for the single large file and 24% for the multiple small files. Hadoop applications pro-

cessing a large number of small files benefit extremely well from our PSP approach, because

accessing small files in HDFS is very slow.

The experimental results plotted in Figure 4.5 strongly suggest that regardless of the

tested Hadoop benchmarks, our PSP scheme can significantly improve the performance of

clusters for Hadoop applications processing a huge collection of small files. In the worst case

scenario where there is a single large input file, the PSP scheme is able to achieve at least

8.1% performance improvement in terms of reducing execution times of Hadoop applications.

4.3.4 Hadoop Clusters

We run multiple applications on the Hadoop cluster to quantify the performance of

our predictive scheduling and prefetching scheme (PSP) in a real-world setting. Table 4.2

summarizes the characteristics of the tested cluster.

Table 4.2: The Test Sets in Experiments
number 1 2 3 4

Workload WordCount WordCount WordCount Grep
nodes 3 6 12 12

Input file size 15GB 15GB 15GB 15GB
Spilt data size 64MB 64MB 64MB 64MB
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Figure 4.7(a) shows the overall performance improvement achieved by PSP-enabled

Hadoop cluster processing a single large file. We observe from Figures 4.7(a) and 4.7(b)

that PSP noticeably improves the performance of the tested Hadoop cluster. For example,

PSP reduces the average execution time for both Hadoop benchmarks on the cluster by an

average of 9% for the single-large-file case. This performance improvement is very similar to

the previous single-machine case.

Figure 4.7(c) illustrates the average execution times of the benchmarks processing a

large collection of small files on the PSP-enabled cluster and the native Hadoop cluster.

Figures 4.7(c) and 4.7(d) demonstrate the performance improvements offered by our PSP

scheme. The results confirm that PSP can significantly improve a Hadoop cluster’s perfor-

mance when the cluster is running Hadoop applications processing a huge set of small files.

For example, PSP is capable of shortening the average execution times of the two Hadoop

benchmarks by an average of 25%.

4.4 Summary

In this part of the dissertation study, we observed that the task processing procedure

in Hadoop may introduce data transfer overhead in a cluster. Realizing that the data trans-

fer overhead is caused by the data locality problem in Hadoop, we proposed a predictive

scheduling and prefetching mechanism or PSP for short to hide data transfer overhead. Our

PSP mechanism seamlessly integrate a prefetching module and a prediction module with

the Hadoop’s job scheduler. The prediction module proactively predicts subsequent blocks

to be accessed by computing nodes in a cluster; whereas the prefetching module preloads

these future blocks in the cache of the nodes. The proposed PSP is able to avoid I/O stalls

incurred by predicting and prefetching data blocks to be accessed in the future.

We tested the execution times of two Hadoop benchmarks runing on a 10-node cluster,

where the proposed PSP mechanism is incorporated into the Hadoop system. The empirical

results show that PSP noticeably improves the performance of the Hadoop cluster by an
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average of 9% for the single-large-file case and by an average of 25% for the multiple-small-

files case. This study shows that Hadoop applications processing a huge collection of small

files benefit extremely well from our PSP approach, because accessing small files in HDFS is

very slow.

We demonstrated that the performance of the tested Hadoop cluster is very sensitive

to main memory size. In particular, our results suggest that a larger input file makes the

Hadoop cluster more sensitive to the memory size. This study confirms that in addition

to applying the PSP scheme, increasing memory size is an efficient way to improve the

performance of Hadoop cluster processing large files.
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Chapter 5

Preshuffling

In the previous Chapter we present a predictive scheduling and prefetching mechanism

to improve the performance of Hadoop Clusters by hiding data transfer overhead. In this

Chapter, we focus on a new reshuffling scheme to further improve Hadoop’s system perfor-

mance.

5.1 Motivations for a New Preshuffling Scheme

5.1.1 Shuffle-Intensive Hadoop Applications

Recall that a Hadoop application has two important phases - map and reduce. The

execution model of Hadoop can be divided into two separate steps. In the first step, a map

task loads input data and generates some ¡key,value¿ pairs. In this step, multiple map tasks

can be executed in parallel on multiple nodes in a cluster. In step two, all the pairs for a

particular key are pulled to a single reduce task after the reduce task communicates and

checks all the map tasks in the cluster.

Reduce tasks depend on map tasks; map tasks are followed by reduce tasks. This partic-

ular sequence prevents reduce tasks from sharing the computing resources of a cluster with

map tasks, because there is no parallelism between a pair of map and reduce tasks. During

an individually communication between a set of map tasks and a reduce task, an amount

of intermediate data (i.e., result generated by the map tasks) is transferred from the map

tasks to the reduce task through the network interconnect of a cluster. This communication

between the map and reduce tasks is also known as the shuffle phase of a Hadoop application.

In an early stage of this study, we observe that a Hadoop application’s execution time

is greatly affected by the amount of data transferred during the shuffle phase. Hadoop
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applications generally fall into two camps, namely, non-shuffle-intensive and shuffle-intensive

applications. Non-shuffle-intensive applications transfer a small amount of data during the

shuffle phase. For instance, compared with I/O-intensive applications, computation-intensive

applications may generate a less amount of data in shuffle phases. On the other hand, shuffle-

intensive applications move a large amount of data in shuffle phases, imposing high network

and disk I/O loads. Typical shuffle-intensive applications include the inverted-index tool

used in search engines and the k-means tool applied in the machine learning field. These

two applications transfer more than 30% data through network during shuffle phases.

5.1.2 Alleviate Network Load in the Shuffle Phase

In this Chapter, we propose a new shuffling strategy in Hadoop to reduce heavy network

loads caused by shuffle-intensive applications. The new shuffling strategy is important, be-

cause network interconnects in a Hadoop cluster is likely to become a performance bottleneck

when the cluster is shared among a large number of applications running on virtual machines.

In particular, the network interconnects become scarce resource when many shuffle-intensive

applications are running on a Hadoop cluster in parallel.

We propose the following three potential ways of reducing network loads incurred by

shuffle-intensive applications on Hadoop clusters.

1. First, decreasing the amount of data transferred during the shuffle phase can effectively

reduce the network burden caused by the shuffle-intensive applications. To reduce the

amount of transferred data in the shuffle phase, combiner functions can be applied to

local outputs by map tasks prior to storing and transferring intermediate data. This

strategy can minimize the amount of data that needs to be transferred to the reducers

and speeds up the execution time of the job.

2. Second, there is no need for reduce tasks to wait for map tasks to generate an entire

intermediate data set before the data can be transferred to the reduce tasks. Rather, a
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small portion of the intermediate data set can be immediately delivered to the reduce

tasks as soon as the portion becomes available.

3. Third, heavy network loads can be hidden by overlapping data communications with

the computations of map tasks. To improve the throughput of the communication

channel among nodes, intermediate results are transferred from map tasks to reduce

tasks in a pipelining manner. Our preliminary findings show that shuffle time is always

much longer than map tasks’ computation time; this phenomenon is especially true

when network interconnects in a Hadoop cluster are saturated. A pipeline in the

shuffle phase can help in improving throughput of Hadoop clusters.

4. Finally, map and reduce tasks allocated within a single computing node can be coor-

dinated in a way to have their executions overlapped. Overlapping these operations

inside a node can efficiently shorten the execution times of shuffle-intensive applica-

tions. A reduce task checks all available data from map nodes in a Hadoop cluster. If

reduce and map tasks can be grouped with particular key-value pairs, network loads

incurred in the shuffle phase can be alleviated.

5.1.3 Benefits and Challenges of the Preshuffling Scheme

There are three benefits of our preshuffling scheme:

• Data movement activities during shuffle phases is minimized.

• Long data transfer times are hidden by a pipelining mechanism.

• Grouping map and reduce pairs to reduce network load.

Before obtaining the above benefits from the preshuffling scheme, we face a few design

challenges. First, we have to design a mechanism allowing a small portion of intermediate

data to be periodically transferred from map to reduce tasks without waiting an entire

intermediate data set to be ready. Second, we must design a grouping policy that arranges

63



map and reduce tasks within a node to shorten the shuffle time period by overlapping the

computations of the map and reduce tasks.

5.1.4 Chapter Organization

The rest of the Chapter is organized as follows. Section 5.2 describes the design of

our preshuffling algorithm after presenting the system architecture. Section 5.3 presents the

implementation details of the preshuffling mechanism in the Hadoop system. In Section 5.4,

we evaluate the performance of our preshuffling scheme. Finally, Section 5.5 concludes this

chapter.

5.2 Design Issues

In this section, we first present the design goals of our preshuffling algorithm. Then,

we describe how to incorporate the preshuffling scheme into the Hadoop system. We also

show a way of reducing the shuffling times of a Hadoop application by overlapping map and

reduce operations inside a node.

5.2.1 Push Model of the Shuffle Phase

A typical reduce task consists of three phases, namely, the shuffle phase, the sort phase,

and the reduce phase. After map tasks generate intermediate (key, value) pairs, reduce tasks

fetch in the shuffle phase the (key, value) pairs. In the shuffle phase, each reduce task handles

a portion of the key range divided among all the reduce tasks. In the sort phase, records

sharing the same key are groups together; in the reduce phase, a user-defined reduce function

is executed to process each assigned key and its list of values.

To fetch intermediate data from map tasks in the shuffle phase, HTTP requests are

issued by a reduce task to five (this default value can be configured) number of TaskTrackers.

The locations of these TaskTrackers are managed by the JobTracker located in the Master

node of a Hadoop cluster. When a map or reduce TaskTracker finishes, the TaskTracker
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sends a heartbeat to the JobTracker in the master node, which assigns a new task to the

TaskTracker. The master node is in charge of determining time when reduce tasks start

running and data to be processed. Map task and reduce tasks are stored in two different

queues.

Reduce tasks pull intermediate data (i.e., (key, value) pairs) from each TaskTracker that

is storing the intermediate data. In this design, application developers can simply implement

separate map tasks and reduce tasks without dealing with the coordination between the map

and reduce tasks. In the shuffle phase the above pull model is not efficient, because reduce

tasks are unable to start their execution until the intermediate data are retrieved. To improve

the performance of the shuffle phase, we change the pull model into a push model. In the

push model, map tasks automatically push intermediate data in the shuffle phase to reduce

tasks. Map tasks start pushing (key, value) pairs to reduce tasks as soon as the pairs are

produced.

We refer to the above new push model in the shuffle phase as the preshuffling technique.

In what follows, we describe the design issues of our preshuffling scheme that applies the

push model in the shuffle phase.

5.2.2 A Pipeline in Preshuffling

When a new job submitted to a Hadoop cluster, the JobTracker assigns map and reduce

tasks to available TaskTrackers in the cluster. Unlike the pulling model, the pushing model of

preshuffling push intermediate data produced by map tasks to reduce tasks. The preshuffling

scheme allows the map tasks to determine a partition records to be transferred a reduce task.

Upon the arrival of the partition records, the reduce task sorts and stores these records

into the node hosting the reduce task. Once the reduce task is informed that all the map

tasks have been completed, the reduce task performs a user-defined function to process each

assigned key and its list of values. The map tasks continue generating intermediate records

to be delivered the reduce tasks.
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Let us consider a simple case where a cluster has enough free slots allowing all the

tasks of a job to run after the job is submitted to the cluster. In this case, we establish

communication channels between a reduce task and all the map tasks pushing intermediate

data to the reduce task. Since each map task decides reduce tasks to which the intermediate

data should be pushed, the map task transfers the intermediate data to the corresponding

reduce tasks immediately after the data are produced by the map task.

In some cases, there might not be enough free slots available to schedule every task in

a new Hadoop job. If a reduce task can not be executed due to limited number of free slots,

map tasks can store intermediate results in memory buffers or local disks. After a free slot

is assigned to the reduce task, the intermediate results buffered in the map tasks can be sent

to the reduce task.

Shuffle phase time in many cases is much longer than map phase time (i.e., tasks’

computation time); this problem is more pronounced true when network interconnects are

scarce resource in a Hadoop cluster. To improve the performance of the preshuffling scheme,

we build a pipeline in the shuffle phase to proactively transfer intermediate data from map

tasks to reduce tasks. The pipeline aims at increasing the throughput of preshuffling by

overlapping data communications with the computations of map tasks.

We design a mechanism to create two separate threads in a map task. The first thread

processes input data, generates intermediate records, and completes the sort phase. The

second thread manages the aforementioned pipeline that sends intermediate data from map

tasks to reduce tasks immediately when the intermediate outputs are produced. The two

threads can work in parallel in a pipelining manner. In other words, the first thread im-

plements the first stage of the pipeline; the second thread performs the second stage of the

pipeline. In this pipeline, the first stage is focusing on producing intermediate results to be

stored in the memory buffers, whereas the second stage periodically retrieves the intermedi-

ate results from the buffers and transfers the results to the connected reduce tasks.
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5.2.3 In-memory Buffer

The push model does not require reduce tasks to wait a long time period before map

tasks complete the entire map phase. Nevertheless, pushing intermediate data from map to

reduce tasks in the preshuffling phase is still a time-consuming process. The combiner process

in a map task is an aggregate function (a reduce-like function) that groups multiple distinct

values together as input to form a single value. If we plan to implement the preshuffling

mechanism to directly send intermediate outputs from map to reduce tasks, we will have to

ignore the combiner process in map tasks. In the native Hadoop system, the combiner can

help map tasks to illuminate relevant data, thereby reducing data transfer costs. Sending all

the data generated from map tasks to reduce tasks increases response time and downgrades

the performance of Hadoop applications. Without the pre-sorting and filtering process in

the combiner stage, reduce tasks should spend much time in sorting for merging values.

Instead of sending an entire buffered content to reduce tasks directly, we design a buffer

mechanism to temporary collect intermediate data. The buffer mechanism immediately sends

a small portion of the intermediate data to reduce tasks as soon as the portion is produced.

A configurable threshold is used to control the size of the portion. Thus, once the size of

buffered intermediate results reaches the threshold, the map task sorts the intermediate data

based on reduce keys. Next, the map task writes the buffer to its local disk. Then, the second

stage of the pipeline is invoked to check whether reduce tasks have enough free slots. If nodes

hosting reduce tasks are ready, a communication channel between the map and reduce tasks

are established. The combined data produced in the first stage of the pipeline can be passed

to reduce tasks in the second stage of the pipeline.

In cases where nodes hosting reduce tasks are not ready, the second stage of the pipeline

will have to wait until the reduce tasks are available to receive the pushed data. This pipeline

mechanism aims to improve the throughput of the shuffling stage, because the pipeline makes

it possible for map tasks to send intermediate data as soon as a portion of the data is produced

by map functions.
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In the design of our preshuffling scheme, it is flexible to dynamically control the amount

of data pushed from map to reduce tasks by adjusting the buffer’s threshold. A high threshold

value means that each portion to be pushed from map tasks in the second stage of the

pipeline is large; a small threshold value indicates that each portion shipped to reduce tasks

is large. If network interconnects are not overly loaded, map tasks may become a performance

bottleneck. This bottleneck problem can be addressed by increasing the buffer’s threshold so

that each data portion pushed to reduce tasks is large. A large threshold is recommended for

Hadoop clusters with fast network interconnects; a small threshold is practical for Hadoop

clusters where networks are a performance bottleneck.

5.3 Implementation Issues in Preshuffling

In Hadoop, reduce tasks will not start their executions until entire intermediate output of

all map tasks have been produced, although some map tasks may generate some intermediate

results earlier than the other map tasks. In our preshuffling scheme, map tasks do not need to

be synchronized in the way to produce a group of intermediate data to be sent to reduce tasks

at the same time. Thus, a reduce task can immediately receive corresponding intermediate

data generated by map tasks. However, the reduce task is unable to apply the reduce function

on the intermediate data until all the date produced by every map task become available.

Like reduce tasks, a Hadoop job must wait for all map tasks to finish before producing a

final result.

As described in Section 5.2, a map task consists of two phases: map and map-transfer.

The map phase processes an entire input file, sorts intermediate results, and then sends

them to an output buffer. The sort phase in the map task groups records sharing the same

key together; this group procedure otherwise should be performed in the reduce phase. In

the map-transfer phase, intermediate data is transferred from buffer in map tasks to reduce

tasks.
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A reduce task consists two main phases - shuffle and reduce. In the shuffle phase, the

reduce task not only receives its portion of intermediate output from each map task, but

also performs a merge sort on the intermediate output from map tasks. In reduce tasks,

the shuffle phase time accounts for a majority of the total reduce tasks’ execution time. For

example, 70% of a reduce task’s time is spent in the shuffle phase. The shuffle phase is time

consuming, because a large amount of intermediate output from map tasks must be merged

and sorted in this phase. To improve the performance of the shuffle phase, we implement a

preshuffling scheme where intermediate data are immediately merged and sorted when the

data are produced by map tasks. After receiving required intermediate data from all map

tasks, the reduce task performs a final merge sort function based on intermediate output

produced by the preshuffling scheme. When the reduce task completes its final merge sort,

the task reaches the reduce phase.

In a Hadoop cluster, a master node monitors the progress of each task’s execution.

When a map task starts its execution, the master node assigns a progress score anywhere

in the range between 0 and 1. The value of a progress score is assigned based on how much

of the input data the map task has processed [?]. Similarly, we introduce a progress score,

allowing the preshuffling scheme to monitor the progress of reduce tasks. Progress scores of

reduce tasks are assigned based on how much intermediate data of each portion has been

consumed by the reduce tasks. The progress score is incorporated with the data structure

of intermediate data. Thus, when a partition of intermediate file is transferred to a reduce

task, the progress score of this partition is also received by the reduce task. The average

progress score of all relevant partitions in each intermediate data file can be considered as

the progress of a reduce task.

Each node hosting reduce tasks individually runs the tasks. In heterogeneous Hadoop

clusters, nodes may run tasks at different speed. Once a reduce task has made sufficient

progress, the task reports its progress score written to a temporary file on HDFS. For exam-

ple, we can set several granularity; the user can set the default value as 20%, 40%, 60%, 80%,
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and 100%. When reduce progress reaches this value, the progress score will be automatically

written down to HDFS.

By aggressively pushing data from map tasks to reduce tasks, the push model can in-

crease the throughput of the Hadoop system by partially overlapping communication and

transfer times among the map and reduce tasks. The preshuffling scheme, when used in

combination with the push model, can boost the performance of Hadoop clusters. The per-

formance improvement offered by preshuffling and the push model becomes more pronounced

when network interconnection is a performance bottleneck of the clusters.

5.4 Evaluation performance

5.4.1 Experimental Environment

To evaluate the performance of the proposed preshuffling scheme incorporated in the

push model with a pipelining technique, we run Hadoop benchmarks on a 10-node cluster.

Table 5.1 summarizes the configuration of the cluster used as a testbed for the performance

evaluation. Each computing node in the cluster is equipped with two dual-core 2.4 GHz

Intel processors, 2GB main memory, 146 SATA hard disk, and a Gigabit Ethernet network

interface card.

Table 5.1: Test Bed
CPU Intel Xeon 2.4GHz

Memory 2GB Memory
Disk SEGATE 146GB

Operation System Ubuntu 10.4
Hadoop version 0.20.2

In our experiments, we vary the block size in HDFS to evaluate the impacts of block size

system performance. In this study, we focus on impact of preshuffling and the push model

on Hadoop and; therefore, we disable the data replica feature of HDFS. Nevertheless, using

the preshuffling mechanism in combination with the data replica mechanism can significantly

improve performance of Hadoop clusters.
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(a) The execution time of WordCount processing
1GB data on the native Hadoop system is 450 sec-
onds.
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(b) The execution time of WordCount processing
1GB on the preshuffling-enabled Hadoop system is
380 seconds.

Figure 5.1: The progress trend of WordCount processing 1GB data on the 10-node Hadoop
cluster.

In this part of the dissertation study, we test the following two Hadoop benchmarks

running on the cluster, in which the preshuffling scheme is integrated with the push model

to improve the performance of the shuffle phase in Hadoop applications.

1. WordCount (WC): This Hadoop application counts the frequency of occurrence for

each word in a text file. Map tasks process different sections of input files and return

intermediate data that consists of several pairs word and frequency. Then, reduce

tasks add up the values for each identity word. The Word-Count is a memory-intensive

application.

2. Sort: This Hadoop application puts elements of a list in a certain order. The most-

used orders are numerical order and lexicographical order. The output list of this

application is in a non-decreasing order.

5.4.2 In Cluster

We compare the overall performance between the native Hadoop and the preshuffling-

enabled Hadoop on a 10-node cluster. We measure the execution times of the two tested

Hadoop benchmarks running on the Hadoop cluster, where the default block size is 64 MB.
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Figure 5.4.2 illustrates the progress trend of WordCount processing 1GB data on the

native Hadoop. The progress trend shown in Figure 5.4.2 indicates how the map and reduce

tasks are coordinating. For example, Figure 5.1(a) shows that in the native Hadoop system,

the reduce task does not start its execution until the all the map tasks complete their

executions at time 50. Figure 5.1(b) proves that in the preshuffling-enabled Hadoop, our

push model makes it possible for the reduce task in WordCount to begins its execution

almost immediately after the map task gets started.

Our solution shortens the execution time of WordCount by approximately 15.6%, be-

cause the reduce task under the push model receives intermediate output produced by the

map tasks as soon as the output become available.

Figures 5.1(a) and 5.1(b) show that it takes 50 seconds to finish the map task in the

native Hadoop and its takes about 60 seconds to complete the map in the preshuffling-

enabled Hadoop. The preshuffling-enabled Hadoop system has a longer map task than the

native Hadoop, because in our push model part of the shuffle phase is handled by the map

task rather than the reduce task in the native Hadoop. Forcing the map task to process the

preshuffling phase is an efficient way of reducing heavy load imposed on reduce tasks. As

a result, the preshuffling-enabled Hadoop cluster can complete the execution of WordCount

faster than the native Hadoop cluster.

5.4.3 Large Blocks vs. Small Blocks

Now we evaluate the impact of block size on the performance of preshuffling-enabled

Hadoop clusters. The goal of this set of experiments is to quantify the sensitivity of our

preshuffling scheme on the block size using the two Hadoop benchmarks. We run the Word-

Count and Sort benchmarks on both the native Hadoop and the preshuffling-enabled Hadoop

clusters when the block size is set to 16MB, 32MB, 64MB, 128MB, and 256MB, respectively.

Figures 5.2 and 5.3 shows the performance improvement of the preshuffling-enabled

Hadoop cluster over the native Hadoop cluster as a function of the block size. Figure 5.2
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Figure 5.2: Impact of block size on the preshuffling-enabled cluster running WordCount.
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Figure 5.3: Impact of block size on the preshuffling-enabled Hadoop cluster running Sort.
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demonstrates that the improvement offered by preshuffling in case the of WordCount in-

creases when the block size goes up from 16 MB to 128 MB. However, increasing the block

size from 128 MB to 256 MB does not provide a higher improvement percentage. Rather, the

improvement slightly drops from 12.5% to 12.2% when the block size is changed from 128

MB to 256 MB. The experimental results plotted in Figure 5.2 suggest that a large block size

allows the preshuffling scheme to offer good performance improvement. The improvement in

terms of percentage is saturated when the block size is larger than 128 MB.

Figure 5.3 shows the performance improvement of preshuffling on the 10-node cluster

running the Sort application. The results plotted in Figure 5.3 are consistent with those

shown in Figure 5.2. For the two Hadoop benchmarks, the performance improvement offered

by preshuffling is sensitive to block size when the block size is smaller than 128 MB.

5.5 Summary

A Hadoop application’s execution time is greatly affected by the shuffling phase, where

an amount of data is transferred from map tasks to reduce tasks. Moreover, improving

performance of the shuffling phase is very critical for shuffle-intensive applications, where

a large amount of intermediate data is delivered in shuffle phases. Making a high-efficient

shuffling scheme is an important issue, because shuffle-intensive applications impose heavy

network and disk I/O loads during the shuffle phase. In this chapter, we proposed a new

push model, a new preshuffling module, and a pipelining mechanism to efficiently boost the

performance of Hadoop clusters running shuffle-intensive applications.

In the push model, map tasks automatically send intermediate data (i.e., (key, value)

pairs) in the shuffle phase to reduce tasks. Unlike map tasks in the traditional pull model,

map tasks in the push model proactively start sending intermediate data to reduce tasks as

soon as the data are produced. The push model allows reduce tasks to start their executions

earlier rather than waiting until an entire intermediate data set becomes available. The push
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model improves the efficiency of the shuffle phase, because reduce tasks do not need to be

strictly synchronized with their map tasks waiting for the entire intermediate data set.

Our preshuffling scheme aims to release the load of reduce tasks by moving the pre-

sorting and filtering process from reduce tasks to map tasks. As a result, reduce tasks with

the support of the preshuffling scheme spend less time in sorting to merge values.

In the light of the push model and the preshuffling scheme, we built a 2-stage pipeline to

efficiently move intermediate data from map tasks to reduce tasks. In stage one, local buffers

in a node hosting map tasks temporarily store combined intermediate data. In stage 2, a

small portion of the intermediate data stored in the buffers is sent to reduce tasks as soon

as the portion is produced. In the second stage of the pipeline, the availability of free slots

in nodes hosting reduce tasks are checked. If there are free slots, a communication channel

between the map and reduce tasks are established. In the 2-stage pipeline, the combined

data produced in the first stage of the pipeline can be passed to reduce tasks in the second

stage of the pipeline.

We implemented the push model along with the preshuffling scheme in the Hadoop

system, where the 2-stage pipeline was incorporated with the preshuffling scheme. Our ex-

perimental results based on two Hadoop benchmarks shows that preshuffling-enabled Hadoop

clusters are significantly faster than native Hadoop clusters with the same hardware config-

urations. For example, the push model and the preshuffling scheme powered by the 2-stage

pipeline can shorten the execution times of the two Hadoop applications (i.e., WordCount

and Sort) by an average of 10% and 14%, respectively.
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Chapter 6

Related Work

This chapter briefly presents previous studies relevant to this dissertation research.

XXXX our own from three perspectives: data locality, prefetching and pre-shuffling mecha-

nisms.

6.1 Implementations of MapReduce

MapReduce is a distributed framework proposed by Google in 2004 for data-intensive

computing on large-scale clusters [14]. MapReduce is useful in a wide range of applica-

tions including: distributed grep, distributed sort, web link-graph reversal, term-vector per

host, web access log stats, inverted index construction, document clustering, complex com-

putation [65], machine learning [8], dynamic peer-to-peer environments [41] and statistical

machine translation. The MapReude framework is inspired by map and reduce functions

commonly used in functional programming [32][39].

The MapReduce programming model has been adopted in various computing environ-

ments supporting a wide range of applications [53]. These computing environments include

scalable computing services (e.g., the Windows AzureMapReduce system) [29], iterative com-

puting (e.g., the Twister system) [17], memory-intensive/CPU-intensive computing environ-

ments (e.g., the LEMO-MR system) [19], multi-core/many-core systems, desktop grids [69],

volunteer computing environments [40], cloud computing environments [42], and mobile com-

puting environments [16].

MapReduce libraries have been written in C++, Erlang, Java, OCaml, Perl, Python,

and other programming languages. Hadoop - implemented in the Java language - is an open

source implementation of MapReduce. Hadoop becomes popular as a high-performance
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computing platform for numerous data-intensive applications. A variety of techniques have

been proposed to improve performances of Hadoop clusters.

Some studies has been focused on the implementation and performance evaluation of

the MapReduce model [5][43]. For example, Phoenix[58][80] - a MapReduce implementation

on multiprocessors - uses threads to spawn parallel Map or Reduce tasks. Phoenix also

provides shared-memory buffers for map and reduce tasks to communicate without exces-

sive data transfer overhead. The runtime system of Phoenix schedules tasks dynamically

across available processors in order to balance load balance while maximizing computing

throughput. Furthermore, the Phoenix runtime system automatically recovers permanent

faults during task execution by repeating or re-assigning tasks.

Mars [18][20] - a MapReduce framework on graphics processors (GPUs) - aims at hiding

the programming complexity of GPUs behind a simple yet powerful MapReduce interface.

The Mars runtime system automatically manages task partitioning, data distribution, and

parallelization on the GPUs.

6.2 Data Placement in Heterogeneous Computing Environments

Parallel File Systems. There are two types of systems handling large files in clusters,

namely parallel file systems and Internet service file systems [77]. Representative parallel

file systems in clusters are Lustre [1] and PVFS (Parallel Virtual File System) [56]. Hadoop

distribution file system(HDFS) [13] is a popular Internet service file system that provides an

abstraction for data processing in the MapReduce frameworks.

Hadoop works in combination with any distributed file system [3] that can be mounted

by the underlying operating system simply by using a file:// URL; however, this feature

comes at a price - the loss of locality. To reduce network traffic, Hadoop needs to manage

information regarding data and servers in a cluster. For example, Hadoop must be aware of

the location of data to be processed by Hadoop applications. A Hadoop-specific file system

allows Hadoop to keep track of meta data information used to manage files stored on a
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cluster. Hadoop Distributed File System (HDFS), Hadoop’s own rack-aware file system, is

designed to scale to tens of petabytes of storage and runs on top of the file systems of Linux.

Amazon S3 file system [50] is developed for clusters hosting the Amazon Elastic Com-

pute Cloud server-on-demand infrastructure; there is no rack-awareness in Amazon’s file

system. CloudStore (previously known as Kosmos Distributed File System) is a rack-aware

file system. CloudStore is Kosmix’s C++ implementation of the Google File System. Cloud-

Store supports incremental scalability, replication, checksumming for data integrity, client

side fail-over and access from C++, Java, and Python. There exits a FUSE module that

enables file systems to be mounted on Linux. The FTP File system stores all its data on

remotely accessible FTP servers.

MapReduce for Heterogeneous Computing. Growing evidence shows that het-

erogeneity issues become important in the context of MapReduce frameworks [46]. Zaharia

et al. implemented a new scheduler - LATE - in Hadoop to improve MapReduce perfor-

mance by speculatively running tasks that significantly hurt response time [47]. Asymmetric

multi-core processors (AMPs) address the I/O bottleneck issue, using double-buffering and

asynchronous I/O to support MapReduce functions on clusters with asymmetric compo-

nents [46]. After classifying MapReduce workloads into three categories based on CPU and

I/O utilization [70], Chao et al. designed the Triple-Queue Scheduler in light of the dynamic

MapReduce workload prediction mechanism or MR-Predict.

The major difference between our data placement solutions (see Chapter 3) and the

aforementioned techniques for heterogeneous MapReduce frameworks is that our schemes

take into account data locality and aim to reduce data transfer overheads.

6.3 Prefetching

Prefetching mechinism An array of prefetching techniques have been proposed to im-

prove the performance of main memory in computing systems [68][72][11]. Cache prefetching
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techniques used to improve effectiveness of cache-memory systems have been widely explored

for a variety of hardware and software platforms [85][54].

An increasing number of computing systems are built to support multimedia applica-

tions; various prefetching mechanisms (see, for example, [12][82]) were developed to improve

performance of multimedia systems. A few studies were focused on prefetching approaches

to boosting I/O performance in computer systems [6][37][49].

Many existing prefetching solutions were designed specifically for local file systems. In

contrast, the prefetching scheme (see Chapter 4) proposed in this dissertation is tailored for

a distributed file system supporting Hadoop clusters.

Scheduling Algorithms Performance of Hadoop systems can be improved by effi-

ciently scheduling tasks on Hadoop clusters. Many scheduling algorithms might be adopted

in Hadoop. For example, the FairScheduler and Capacity Scheduler provide more oppor-

tunity for later jobs to get scheduled. Zaharia et al. [47] implemented a new scheduling

algorithm called LATE (i.e., Longest Approximation Time to End) in Hadoop to improve

Hadoop system performance by speculatively executing tasks that decrease response time the

most. The dynamic proportional scheduler [63][36] provides job sharing and prioritization

capabilities in cluster computing systems, thereby allowing multiple jobs to share resources

and services in clusters.

Meng et al. studied an approach to estimating time and optimizing performance for

Hadoop jobs. Meng’s scheduling solution aims at minimizing total completion time of a set

of MapReduce jobs [2]. Kristi et al. [45] estimates the progress of queries that run as MapRe-

duce task graphs. Most efforts in scheduling for Hadoop clusters focus on handling various

priorities; most efforts in estimating time in Hadoop pay attention to runtime estimation of

running jobs.

A recent study that is closely related to this dissertation research can be found in [55],

where a scheduler was proposed to increase system resource utilization by attempting to sat-

isfy time constraints associated with jobs. The scheduler presented in [55] does not consider
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the schedulability of a job prior to accepting it for execution. This scheduler emphasizes

map tasks and; therefore, reduce tasks are not considered in the scheduler.

The scheduler in the native Hadoop system uses a simple FIFO (First-In-First-Out)

policy. Zaharia et al. [22] proposed the FAIR scheduler optimized for multi-user environ-

ments. The FAIR scheduler works very well on a single cluster shared among a number of

users, because FAIR reduces idle times of short jobs to offer fast response times for the short

jobs. However, scheduling decisions made by FAIR are not dynamically adapted based on

job progress, making FAIR inadequate for applications with different performance goals [83].

In a recent study, Sandholm and Lai developed a mechanism to dynamically assign

resources of a shared cluster to multiple Hadoop instances [62][21]. In their approach, pri-

orities are defined by users using high-level policies such as a market account. The users

can independently determine the priorities of their jobs; the system allocates running times

according a spending rate. If the account balance of a user reaches zero, no further tasks of

that user are assigned to the cluster.

Attention has been paid to the data locality issue in the MapReduce computing plat-

forms. For example, Seo proposed the prefetching and pre-shuffling scheme or HPMR to

improve the performance in a shared MapReduce computing environment [64]. HPMR con-

tains a predictor module that helps to make optimized scheduling decisions. The predictor

module was integrated with a prefetching scheme, thereby exploiting data locality by trans-

ferring data from a remote node to a local node in a pipelining manner [47].

Our preshuffling approach described in Chapter 5 is very different from the HPMR

scheme in the sense that our solution relies on a pipeline built inside a node hosting map

tasks to improve performance, whereas HPMR aims at boosting performance by the virtue

of a data communication pipeline between a pair of two nodes.
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6.4 Shuffling and Pipline

Shuffling. Duxbury et al. built a theoretical model to analyze the impacts of MapRe-

duce on network interconnects [59]. There are two new findings in their study. First, during

the shuffle phase, each reduce task communicates with all map tasks in a cluster to retrieve

required intermediate data. Network load is increased during the shuffle phase due to inter-

mediate data transfers. Second, at the end reduce phase, final results of the Hadoop job is

written to HDFS. Their study shows evidence that the shuffle phase can cause high network

loads. Our experimental results confirm that 70% of a reduce task’s time is spent in the

shuffle phase. In this dissertation study (see Chapter 5), we propose a preshuffling scheme

combined with a push model to release the network burden imposed by the shuffle phase.

Hoefler et al. implement a MapReduce runtime system using MPI (Message Passing

Interface) [31]. Redistribution and reduce phases are combined in their implementation,

which can benefit applications with a limited number of intermediate keys produced in the

map phase.

Pipeline. Dryad [33] and DryadLINQ [81] offer a data-parallel computing framework

that is more general than MapReduce. This new framework enables efficient database joins

and automatic optimizations within and across MapReductions using techniques similar to

query execution planning. In the Dryad-based MapReduce implementation, outputs pro-

duced by multiple map tasks are combined at the node level to reduce the amount of data

transferred during the shuffle phase. Compared with this combining technique, partial hiding

latencies of reduce tasks is more important and effective for shuffle-intensive applications.

Such a latency-hiding technique may be extended to other MapReduce implementations.

Recently, researchers extended the MapReduce programming model to support database

management systems in order to process structured files [28]. For example, Olston et. al de-

veloped the Pig system [26], which is a high-level parallel data processing platform integrated

with Hadoop. The Pig infrastructure contains a compiler that produces sequences of Hadoop

programs. Pig Latin - a textual language - is the programming language used in Pig. The
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Pig Latin language not only makes it easy for programmers to implement embarrassingly

parallel data analysis applications, but also offer performance optimization opportunities.

Graefer extended the Volcano query processing system to support parallelisms [30].

Exchange operators encapsulate all parallelism issues and; therefore, the parallel Volcano

system makes it easy and robust to implement parallel database algorithms. Compared with

MapReduce, the parallel volcano system lacks a feature of flexible scheduling.
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Chapter 7

Conclusions and Future Work

In this dissertation, we have developed a number of new techniques to improve per-

formance of Hadoop clusters. This chapter concludes the dissertation by summarizing the

contributions and describing future directions. The chapter is organized as follows: Sec-

tion 7.1 highlights the main contributions of the dissertation. In Section7.2, we concentrate

on some future directions, which are extensions of our past and current research on Hadoop

clusters.

7.1 Conclusions

We identified a set of performance problems in the Hadoop systems running on clusters.

Motivated by the performance issues, we investigated three techniques to boost performance

of Hadoop clusters. The solutions described in this dissertation include data placement

strategies for heterogeneous Hadoop clusters, predictive scheduling/prefetching for Hadoop,

and a preshuffling mechanism on Hadoop clusters.

7.1.1 Data distribution mechanism

We observed that data locality is a determining factor for Hadoop’s performance. To

balance workload, Hadoop distributes data to multiple nodes based on disk space availability.

Such data placement strategy is very practical and efficient for a homogeneous environment

where nodes are identical in terms of both computing and disk capacity. In homogeneous

computing environments, all the nodes have identical workload, assuming that no data needs

to be moved from one node into another. In a heterogeneous cluster, however, a high-

performance node tends to complete local data processing faster than a low-performance
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node. After the fast node finishes processing data residing in its local disk, the node has to

handle unprocessed data in a remote slow node. The overhead of transferring unprocessed

data from slow nodes to fast peers is high if the amount of moved data is huge.

An approach to improving MapReduce performance in heterogeneous computing envi-

ronments is to significantly reduce the amount of data moved between slow and fast nodes

in a heterogeneous cluster. To balance data-processing workload in a heterogeneous Hadoop

cluster, we were motivated to develop data placement schemes, which aim to partition a large

data set into data fragments that are distributed across multiple heterogeneous nodes in a

cluster. Thus, the new mechanism distributes fragments of an input file to heterogeneous

nodes based on their computing capacities.

Our data placement mechanism in the Hadoop distributed file system (HDFS) initially

distributes a large data set to multiple nodes in accordance to the computing capacity of each

node. We implemented a data reorganization algorithm in addition to a data redistribution

algorithm in HDFS. The data reorganization and redistribution algorithms implemented in

HDFS can be used to solve the data skew problem due to dynamic data insertions and

deletions.

Our approach significantly improves performance of Hadoop heterogeneous clusters.

For example, the empirical results show that our data placement mechanism can boost the

performance of the two Hadoop applications (i.e., Grep and WordCount) by up to 33.1%

and 10.2% with averages of 17.3% and 7.1%, respectively.

7.1.2 Predictive Scheduling and Prefetching

In an earlier stage of this dissertation study, we observed that CPU and I/O resources in

a Hadoop cluster are underutilized when the cluster is running on data-intensive applications.

In Hadoop clusters, HDFS is tuned to support large files. For example, typically file sizes in

the HDFS file system range from gigabytes to terabytes. HDFS splits large files into several

small parts that are distributed to hundreds of nodes in a single cluster; HDFS stores the
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index information, called meta data, to manage several partitions for each large file. These

partitions are the the basic data elements in HDFS, the size of which by default is 64MB.

A large block size can shorten disk seek times; however, the large block size causes data

transfer times to dominate the entire processing time, making I/O stalls a significant factor

in the processing time. The large block size motivates us to investigate predictive scheduling

and prefetching mechanisms (see Chapter 4) that aim to boost I/O performance of Hadoop

clusters.

The predictive scheduling and prefetching scheme described in Chapter 4 is an impor-

tant issue, because our scheme can bridge the performance gap between ever-faster CPUs

and slow disk I/Os. Simply increasing cache size does not necessarily improve the perfor-

mance of CPU and disk I/Os [51]. In the MapReduce model, before a computing node

launches a new application, the application relies on the master node to assign tasks. The

master node informs computing nodes what the next tasks are and where the required data

blocks are located. The computing nodes do not retrieve the required data and process it

until assignment notifications are passed from the master node. In this way, the CPU are

underutilized by waiting a long period for the notifications are available from the master

node. Prefetching strategies are needed to parallelize these workloads so as to avoid idle

CPU times.

High data transfer overheads are caused by the data locality problem in Hadoop. To

address this problem, we presented in Chapter 4 a predictive scheduling and prefetching

mechanism called PSP that aims to improve the performance of Hadoop clusters. In this

part of the study, we proposed a predictive scheduling algorithm to assign tasks to DataNodes

in a Hadoop cluster. Our PSP mechanism seamlessly integrate a prefetching module and

a prediction module with the Hadoop’s job scheduler. The prediction module proactively

predicts subsequent blocks to be accessed by computing nodes in a cluster; whereas the

prefetching module preloads these future blocks in the cache of the nodes.
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The proposed PSP is able to avoid I/O stalls incurred by predicting and prefetching

data blocks to be accessed in the future. The prefetching scheme in PSP preloads input data

from local disks and place the data into the local cache of nodes as late as possible without

any starting delays of new tasks assigned to the nodes.

We evaluated the performance of our PSP scheme on a 10-node cluster running two

Hadoop benchmarks. The tested cluster is powered by the Hadoop system in which the pro-

posed PSP mechanism was incorporated. The experimental results collected on the Hadoop

cluster show that PSP significantly boost the performance of the Hadoop cluster by an aver-

age of 9% for the single-large-file case and by an average of 25% for the multiple-small-files

case. Our study shows strong evidence that Hadoop applications processing a huge collection

of small files benefit extremely well from our PSP scheme. Processing small files by Hadoop

applications can take full advantage of PSP, because accessing small files in HDFS is very

slow.

Interestingly, our study also shows that the performance of the Hadoop cluster is very

sensitive to main memory size. The results suggest that a larger input file makes the Hadoop

cluster more sensitive to the memory size. Our dissertation study confirms that apart from

applying the PSP scheme to improve performance of Hadoop systems, increasing memory

capacity also is another way of achieving high performance of Hadoop cluster processing

large files.

7.1.3 Data Preshuffling

Our preliminary results show that some Hadoop applications are very sensitive to the

amount of data transferred during the shuffle phase. Hadoop applications can be gen-

erally classified into two groups - non-shuffle-intensive and shuffle-intensive applications.

Non-shuffle-intensive applications transfer a small amount of data during the shuffle phase,

whereas shuffle-intensive applications move a large amount of data in shuffle phases, im-

posing high network and disk I/O loads. For example, some Hadoop applications (e.g., the
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inverted-index tool used in search engines) transfer more than 30% data through network

during shuffle phases.

We proposed in Chapter 5 a new preshuffling strategy in Hadoop to reduce high network

loads imposed by shuffle-intensive applications. Designing new shuffling strategies is very

appealing for Hadoop clusters where network interconnects are performance bottleneck when

the clusters are shared among a large number of applications. The network interconnects

are likely to become scarce resource when many shuffle-intensive applications are sharing a

Hadoop cluster. We implemented the push model along with the preshuffling scheme in the

Hadoop system, where the 2-stage pipeline was incorporated with the preshuffling scheme.

In the push model described in Chapter 5, map tasks automatically send intermediate

data in the shuffle phase to reduce tasks. The push model allows reduce tasks to start their

executions earlier rather than waiting until an entire intermediate data set becomes available.

The push model improves the efficiency of the shuffle phase, because reduce tasks do not

need to be strictly synchronized with their map tasks waiting for the entire intermediate

data set.

Apart from the push model, we also develop a 2-stage pipeline to efficiently transfer

intermediate data. In the first stage, local buffers in a node hosting map tasks temporarily

store combined intermediate data. In the second stage, a small portion of the intermediate

data stored in the buffers is sent to reduce tasks as soon as the portion is produced. In the

2-stage pipeline, the combined data produced in the first stage of the pipeline can be passed

to reduce tasks in the second stage of the pipeline.

We implemented the push model and a pipeline along with the preshuffling scheme in

the Hadoop system. Using two Hadoop benchmarks running on the 10-node cluster, we

conducted experiments to show that preshuffling-enabled Hadoop clusters are faster than

native Hadoop clusters. For example, the push model and the preshuffling scheme powered

by the 2-stage pipeline can shorten the execution times of the WordCount and Sort Hadoop

applications by an average of 10% and 14%, respectively.
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7.2 Future Work

During the course of developing new techniques to improve performance of Hadoop

clusters, we have identified a couple of opening issues. In this section, we describe our future

research studies in which we plan to address a few open issues that have not been addressed

in this dissertation.

7.2.1 Small Files

The new findings from this dissertation study show that Hadoop clusters are inefficient

when it comes to processing small files. The native Hadoop system was designed for handling

large data sets; the default block size set in HDFS is 64MB. The following two reasons explain

why Hadoop clusters are inadequate for processing small files.

First, the HDFS architecture does not support small files. In HDFS, each file registers

an index file in the master node of a cluster; the data of each file is stored in DataNodes with

a default size of 64MB. A large block size not only helps to reduce the amount of metadata

managed by the master node, but also decrease disk seek times. When it comes to small files,

both the amount of metadata and seek times are going up. For example, we intentionally

divide a 1GB file into a thousand of small files. The number index files containing 150 bytes

is increased by a thousand times. During the initialization phase of HDFS, all the metadata

must be loaded into main memory, thereby increasing data loading time in the master node.

Furthermore, accessing small files stored on disks is time consuming due to high seek time

delays.

Second, extra computing time is required to process small files. Our experimental results

show that processing small files takes 10 even 100 more times than processing a single large

file containing the same amount of data. In the Hadoop system, map tasks always handle

one block at a time. Hence, the master node needs to create and maintain a data structure

to monitor each processing procedure. Moreover, before launching a new reduce task, the

reduce task has to communicate with every map tasks in the cluster to acquire intermediate
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data. When there are many small files, such data transfer phase becomes very inefficient

due to enormous number of communications of small data items.

Hadoop archives or HAR files were introduced to HDFS to alleviate the performance

problem of reading and writing small files [73]. The HAR file framework is built on top of

HDFS. The HAR framework provides a command that packs small files into a large HAR

file. The advantage of HAR is that all the small files in HAR files are visible and accessible.

Hadoop can directly operate HAR files as input data for any Hadoop application.

Accessing HAR files is more efficient than reading many small files. However, loading

a single large file is faster than reading a HAR file, because a two-level index file has to

be retrieved before accessing a HAR file. Currently, there is no efficient way in Hadoop to

locate small files in HARs. Furthermore, there is a lack of flexible way to modify small files

achieved in a HAR file after the HAR file is created. We plan to investigate a possibility of

using a virtual index structure with variable length blocks to record metadata of each files.

We intend to study a mechanism where the HAR framework can modify the metadata of

achieved small files without having to manipulate the data.

Another solution to improving performance of accessing small files in HDFS is sequence-

File [35], which uses file names as keys and file contents as values. It is easy to implement

a simple program to put several small files into a single SequenceFile to be processed as

a streaming input for MapReduce applications. SequenceFiles are dividable and; therefore,

MapReduce programs can break a large SequenceFiles into blocks and independently process

each block. In the future, we plan to extend the sequenceFile framework to offer a flexible

way to access a list all keys in a SequenceFile.

7.2.2 Security Issues

Much recent attention was paid to security issues in cloud computing [44][60]. Security

issues in Hadoop can be addressed at various levels, including but not limited to, filesystem,
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networks, scheduling, load balancing, concurrency control, and databases [74][75][32]. Yahoo

provides basic security modules in the latest version of Hadoop in March 2011.

In the future, we plan to address the following security issues in Hadoop. First, we will

design and implement an access control mechanism in HDFS. Our access control mechanism

will be implemented at both the client level and the server level. Second, we will develop

a module allowing users to control which Hadoop applications can access which data sets.

Third, we will build a secure communication channel among map tasks and reduce tasks.

Our secure communication scheme in Hadoop allow applications to securely run on a group of

clusters connected by unsecured networks. Fourth, we will design a privacy preserving scheme

in HDFS to protect users’ private information stored in HDFS. Last, we will investigate a

model that can guide us to make best tradeoffs between performance and security in Hadoop

clusters.

7.3 Summary

In summary, this dissertation describes three practical approaches to improving the

performance of Hadoop clusters. In the first part of our study, we showed that ignoring the

data-locality issue in heterogeneous clusters can noticeably deteriorate the performance of

Hadoop. We developed a new data placement scheme to place data across nodes in a way

that each node has a balanced data processing load. In the second phase of the dissertation

research, we designed a predictive scheduling and prefetching mechanism to preload data

from local or remote disks into main memory in Hadoop clusters. Finally, we proposed a

preshuffling scheme to preprocess intermediate data between the map and reduce stages,

thereby increasing the throughput of Hadoop clusters.

The experimental results based on two Hadoop benchmarks running on a 10-node cluster

show that our data placement, prefetching/scheduling, and preshuffling schemes adaptively

balance the tasks and amount of data to improve the performance of Hadoop clusters in

general and heterogeneous clusters in particular. In the future, we will seamlessly integrate
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our three proposed techniques to offer a holistic way of improving system performance of

Hadoop clusters.
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