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Abstract

Hadoop has been emerging as a popular distributed framework for data intensive
computing in clustered environments. The main usage has been in parallel computing
problems where interconnected clusters would transfer parts of the data between
individual compute nodes to accomplish one job. The clusters are usually connected
with shared network infrastructure where other applications also access and transfer
on the same bandwidth. Specifically, Hadoop MapReduce jobs suffer when running
in parallel with other traffic in the underlying network due to their sensitivity to
delay between compute phases. We propose a dynamic priority mechanism realized
by OpenFlow protocol on such an infrastructure with a preferred QoS policy over
all other traffic. Moreover, our proposed priority mechanism can be enhanced if
additional network information on traffic in the underlying network is provided. We
propose to use the emerging ALTO (Application Layer Traffic Optimization) server
to provide network traffic information to Hadoop. The ALTO server will be based
on the industry standard, IF-MAP (interface to metadata access points protocol),

to leverage publish/subscribe capabilities and the flexible schema definitions.
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Chapter 1

Introduction

Data intensive computing is now widely recognized as important to the HPC com-
munity. There is relatively little work that is public on building OpenFlow enabled
clusters to support data intensive computing. The main goal of this thesis is to

highlight the importance of the applicability of OpenFlow to this class of problems.

1.1 Motivation

Hadoop[20] has emerged as an important platform in the area of Big Data for data in-
tensive computing. It provides a reliable storage and analysis system that is scalable
and built from standard inexpensive hardware. The distributed storage system is
called HDFS[23] and is a single, consolidated storage platform. The analysis system
called MapReduce framework, exploits the distributed storage architecture of HDFS
to deliver scalable, reliable parallel processing services for arbitrary algorithms[6].

Though HDFS’s performance depends on disk 1/O performance, MapReduce



Framework’s performance depends on the compute power of the cluster, thus the
data movement in Hadoop clusters is vital to the overall performance of Hadoop.
Even as jobs are scheduled closer to where its data lie in the cluster, there is still
so much network I/O that it often saturates the top of the rack switches, as well as
switches that aggregate multiple racks. In addition, MapReduce computations are
pipelined and often have “hot spots” in which the computation is lengthened due to
inadequate bandwidth to some of the nodes.

Our approach to address the network issues in Hadoop is to provide an application
developer or user with the ability to control their network, just as they can control
how much memory to assign to a task or what files an application can write to. The
ability to setup paths for data transfer as needed by an application is expected to

provide improvement in Hadoop performance.

1.2 Hadoop as a Distributed Application on Clus-
ter

The Apache Hadoop project develops open-source software for reliable, scalable,
distributed computing. The Apache Hadoop software library is a framework that
allows for the distributed processing of large data sets across clusters of computers
using simple programming models. As shown in Figure 1.1, it is designed to scale
up from single servers to thousands of machines, each offering local computation
and storage. Rather than rely on hardware to deliver high-availability, the library

itself is designed to detect and handle failures at the application layer, so delivering



a highly-availabile service on top of a cluster of computers, each of which may be

prone to failures. The project includes these modules:

Datanode + NameNode Datanode +
TaskTracker + TaskTracker
1...n JobTracker n...
Hadoop
Client

Figure 1.1: Hadoop Cluster Overview

1. Hadoop Common: The common utilities that support the other Hadoop

modules. It provides access to the filesystems supported by Hadoop.

2. Hadoop Distributed File System (HDFS): A distributed file system|8][7]

that provides high-throughput access to application data.

3. Hadoop YARN: A framework[9] for job scheduling and cluster resource man-

agement.

4. Hadoop MapReduce: A YARN-based system for parallel processing of large

data sets.



1.3 Contribution of this Thesis

In a shared cluster, Hadoop’s Shuffle traffic suffers because of the other congestion
in the underlying network. We propose to create dedicated queues with preferred
QoS for the Hadoop Shuffle traffic. We propose to direct the Hadoop traffic to the
preferred queues by dynamically pushing flows at runtime in the OpenFlow Switches
used in the underlying network. Before pushing these flows we also propose to
take feedback from the Application Layer Traffic Optimization Information Base to

evaluate the cheapest path in the network to forward traffic.

1.4 Thesis Outline

This thesis is divided as follows. In Chapter 2, we introduce Hadoop MapReduce
Framework. We also discuss the Network Overview of a Hadoop Cluster. Applica-
tions which rely on the Hadoop Processing Framework are also mentioned here. In
Chapter 3, we describe the related work done in this field of study. In Chapter 4,
we put forward a much deeper explanation of our approach to accelerate Hadoop.
We also explain the technologies like OpenFlow and ALTO (Application Layer Traf-
fic Optimization), whose capabilities are being leveraged to accelerate Hadoop. In
Chapter 5, we explain the Test Setup used for the experiments and the test proce-
dures. In Chapter 6, we present the results found in our experiments. We conclude

in Chapter 7 after discussing the future scope for the project.



Chapter 2

Background and Definitions

2.1 Hadoop MapReduce Framework

MapReduce [6] is a programming model where a MapReduce program can consist of
two functions, map and reduce, each of which defines a mapping from one set of key-
value pairs to another. MapReduce programs can be written in various languages;
Java, Ruby, Python, and C++. These functions work the same for any data size, but
the execution time depends on the data size and the cluster size. Increasing data size
causes increased execution and increasing cluster size decreases the execution time.
MapReduce programs are inherently parallel, with Map tasks running concurrently,
followed by their corresponding Reduce tasks, which also run concurrently.

HDFS (Hadoop Distributed File System) is a distributed file system that stores
and manages the data in a Hadoop cluster. As illustrated in Figure 2.1, there is
central node called NameNode to store the meta-data of the file system and other

nodes called DataNodes that store the data. Files in HDFS are split into smaller



blocks, typically 64MB, and each block is stored separately at a DataNode and
replicated as per the specified replication factor to provide data durability. A HDFS
client contacts the NameNode to get the location of each block, and then interacts
with DataNodes responsible for the data.

Hadoop MapReduce Framework consists of two types of components that control
the job execution process: a central component called the JobTracker and a number
of distributed components called TaskTrackers. Based on the location of a jobs input
data, the JobTracker schedules tasks to run on some TaskTrackers and coordinates
their execution of the job. TaskTrackers run tasks assigned to them and send progress

reports to the jobtracker.

Distributed Data Storage Distributed Data Processing
HDFS Client MapReduce Client

Y L

Name Node Job Tracker
Data Node & Data Node & Data Node &
TaskTracker TaskTracker TaskTracker
QOO0
Data Node & Data Node & Data Node &
TaskTracker TaskTracker TaskTracker

Figure 2.1: Hadoop Actors and Tasks
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Shared File -
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Reduce task o)

Figure 2.2: Hadoop MapReduce JobCycle

2.2 Network Overview of Hadoop

MapReduces execution model has two phases, map and reduce, both requiring mov-
ing data across nodes. Map tasks can be run in parallel and are distributed across
nodes available.

As illustrated in Figure 2.3, the input datasets, that are stored in HDFS prior
to beginning of the job, are divided into datasets or splits, and for each split a
map task is assigned to TaskTracker on a node that is close to that split. The
map computation begins when its input split is fetched by the TaskTasker, which
processes the input data according to the map function provided by the programmer,
generates intermediate data in the form of {key, value} tuples, and partitions them
for the number of reduce tasks. In the reduce phase, the TaskTrackers assigned to
do the reduce task fetch the intermediate data from the map TaskTrackers, merge
the different partitions, perform reduce computation, and store the results back into

HDFS.
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Figure 2.3: Network Communications
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Network traffic in Hadoop can be separated into several categories:

1. HDF'S read and write by client:
This type of traffic due to data exchange occurs twice in the lifetime of one
Hadoop job; once at the start of the Hadoop Job when the client writes the
input payload to the HDFS, and at the end when the client reads the result

written to the HDFS by the MapReduce processing framework.

2. HDFS replication:
This type of traffic depends on the replication factor set by the Hadoop Cluster

Manager. Replication of input payload results in reliability.

3. Hadoop split traffic between HDFS and TaskTrackers:
Split traffic is generated before the Map phase starts. Split files of the input

payload are delivered to the Mappers during this phase.



. Hadoop shuffle traffic between TaskTrackers:
Shuffle traffic is generated after the Map phase ends and before the Reduce
phase starts. Intermediate files which are generated as the result of the pro-

cessing in the Map phase are delivered to the Reducers during this phase.

. Hadoop results stored in HDFS:
This type of traffic is generated at the end of the Hadoop Job when the Reducers

write the end result of the job to the HDFS.

. NameNode - DataNode interactions:
NameNode keeps a check on the health of the DataNodes by exchanging heart-

beats thus generating this traffic.

. JobTracker - TaskTracker interactions:
In these interactions, Job Tracker keeps an account of the status of the task it

has alloted to the Task Trackers.

If the network connecting the Hadoop cluster is able to provide timely and orderly

delivery of data, and the application (Hadoop) is able to control the network based

on its needs for different categories for traffic, then the application can perform more

operations concurrently, and thus improve its performance.

In a Hadoop cluster, the characteristics of the network is known a-priori and can

be used to the advantage of setting up a more performance network, similar to the

earlier circuit-switching ATM networks. The technology that makes it possible to

setup flow-paths similar to circuit switching is ONF’s Openflow.
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2.3 What kind of Applications need Hadoop?

The Hadoop platform was designed to solve problems which have a lot of data, per-
haps a mixture of complex and structured data which don’t fit nicely into tables. It
is for situations where there is need to run analytics that are deep and computation-
ally extensive, like clustering and targeting. It is used where indexing the web and
examining user behavior to improve performance algorithms is needed.

Hadoop applies to a bunch of markets. In finance, to perform accurate portfolio
evaluation and risk analysis, sophisticated models are derived that are hard to jam
into a database engine. But Hadoop can handle it. In online retail, it is used to
deliver better search answers to customers so they’re more likely to buy the things
shown to them. Other applications of Hadoop[28] are:

Log and/or clickstream analysis, image processing, processing of XML messages, web

crawling and /or text processing, general archiving, etc.

10



Chapter 3

Related Work

3.1 Acceleration Techniques

Output of the Hadoop framework depends on various factors such as efficiency of
the underlying distributed file system, speed with which the MapReduce processing
takes place, how fast the processing framework can access the resources in the file
system, how fast the intermediate file transfer happen in the underlying network, and
many more. In order to accelerate Hadoop, each of the above mentioned factors have
to be optimized. In this section, we discuss various approaches taken to accelerate
Hadoop. Using high performance interconnects, overlapping the execution phases
of Hadoop, providing early results from jobs, changing network topology based on
application are some approaches presented in the research outlined below.

Hadoop processing framework involves a lot of disk access such as to read/write

data to/from HDFS. In a Hadoop Cluster, traditional hard disks are used in the
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underlying HDFS. But HDD’s are constrained by the mechanical rotating disk re-
sulting in poor random access performance and excessively high power consumption.
Solid State Drive (SSD) has emerged as a viable alternative to mechanical disks in
main stream computer clusters [14]. These high capacity SSD’s have implemented
a sophisticated Flash Translation Layer (FTL) that achieves both high performance
and reliable data durability. They exhibit many technical advantages over mechan-
ical disks, such as outstanding random-access performance, high sequential-access
throughput, low power consumption, compact form factor, and better shock resis-
tance. Usage of SSD’s increases Hadoop throughtput considerably [24]. With SSD’s,
the performance improvement is almost seven or eight fold.

Topology switching [16] is a method that provides control to individual applica-
tions for deciding best how to route data among their nodes. Topology switching
formalizes the simultaneous use of multiple routing mechanisms in a data center,
allowing applications to define multiple routing systems and deploy individualized
routing tasks at small time scales. For today’s data center host applications with
varied networking needs, this overcomes the shortcomings of using a single-minded
forwarding approach which most certainly results in letting paths go unused, sacrific-
ing performance, or making the whole network available to all applications, sacrificing
needs like isolation.

Hadoop-A [29] is an acceleration framework that optimizes Hadoop with plugin
components implemented in C++ for fast data movement. The performance im-
provement is derived from three methods. First, a new method is used to merge the

input to the reduce phase. Instead of repeated merge and store to disk, a reducer

12



fetches only the keys from mappers, and merges them. It fetches the value only
at the end, when all the merges are completed. Since the size of the key is small
compared to that of the value, the entire input for merge can be stored in memory,
avoiding going to the disk. Next, a pipeline is designed to overlap the shuffle, merge
and reduce phases.

Hadoop Online [25] presents a modified version of the Hadoop MapReduce frame-
work that supports online aggregation, which allows users to see “early returns” from
a job as it is being computed. The Hadoop Online Prototype (HOP) also supports
continuous queries, which enable MapReduce programs to be written for applications

such as event monitoring and stream processing.

3.2 Challenges in Deploying Interconnects

Hadoop does not take advantage of high-performance RDMA[5] interconnect tech-
nologies such as InfiniBand [1] that have matured in the HPC (High Performance
Computing) community [29]. For example, a node in a hierarchical Hadoop cluster is
typically equipped with one or more Gigabit Ethernet (GigE)[21] network interface
cards and connected to the lowest tier Gighkl switch. With this conguration, one card
can only add an upper bound of 125 MB/sec to the data movement throughput of
Hadoop. Given a multi-socket and multi-core server, such capacity has to be shared
and very thinly divided amongst all cores. Worse yet, advances in processor tech-
nology will soon deliver compute servers with hundreds of cores to the mass market.
Furthermore, RDMA supports high bandwidth data movement with very little CPU

involvement. Simply replacing the network hardware with the latest interconnect

13



technologies such as InfiniBand and 10 Gigabit Ethernet, and continuing to run
Hadoop on TCP/IP will not enable Hadoop to leverage the strengths of RDMA.
Thus, the lack of support for RDMA interconnects will become a severe threat for
Hadoop to keep up with the advances of other computer technologies, particularly
when more highly capable processors, storage, and interconnect devices are deployed

to various computing and data centers.[2]

3.3 Cluster-based Challenges

Data Centers in the recent years host an array of applications. Applications deployed
in the same Data Center share the available resources in parallel. Thus the under-
lying network is also shared among them. When the Hadoop job is running, other
applications may also be running and carrying out their relevant data exchanges
across the cluster. Thus there is a strong possibility that a large amount of data
is travelling on the same wire as the Hadoop data exchange happens. This in turn
will leave effectively compromised bandwidth for the Hadoop data exchange. The
Hadoop Job will take more time to finish because of unavailable bandwidth during

its data exchange. This reduces the efficiency of the Hadoop framework.

3.4 Network-based Challenges

Network-based challenges in Hadoop have been long known, but acceleration tech-
niques to avoid them haven’t been explored yet. In current Hadoop distribution, the

Mappers select the path to reach the Reducers on a random basis. The Mappers

14



don’t evaluate the shortest/cheapest path to reach to the Reducers. This may lead to
a Mapper sending its intermediate file to a Reducer via a long/costlier path in turn
the MapReduce processing taking more time to complete. As discussed above, there
are a lot of file transfers happening in the underlying network. These file transfers
take longer to complete because of the other traffic in the network.

In our approach, we give Mappers the ability to choose the shortest/cheapest
path to reach to their selected Reducer. We also give Hadoop the ability to setup
preferred Quality of Service (QoS) on the network devices in the underlying network

to optimize its file transfers.
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Chapter 4

Our Approach - Accelerating
Data-intensive Computations

through Dynamic Network Traffic

Optimization

4.1 Software Defined Networking

Software Defined Networking (SDN) is revolutionizing the networking industry, of-
fering capability for control over the network to entities that did not otherwise have
any say in how their network was configured for their use. Network devices have two

aspects:

16



1. Control Plane - made up of all the protocols that help decide where & how

to forward data traffic, and

2. Data Plane - made up of the set of facilities available on the device to forward

data traffic.

In traditional network devices, both control and data planes reside on the device,
within what is known as the embedded network operating system (NOS). Software
defined networking is a concept that separates the control plane from the data plane
on the network device, so it can reside outside the embedded NOS as a separate
software entity, including on any commodity server. Software defined networking
centralizes the control planes of all the network devices in a given network infras-
tructure. Separating the control plane from the data plane on the network device

provides the following benefits:

1. The control plane can be run as a separate software entity, even on a commodity

server.

2. The performance and scalability of the control plane software can be increased

independent of the CPU and memory capabilities of the network devices.

3. The network devices themselves become simpler, easier to manage, and poten-

tially less expensive to build.

Centralizing the control planes of all the network devices provides the following

benefits:

17



Add/Delete Flow Entries
Controller Discovery

OpenFlow
Controller

Figure 4.1: SDN Paradigm

1. It greatly simplifies the management of the individual network devices because
the management complexity of a network device is typically associated with

the control plane protocols that reside on it.

2. Tt provides opportunities for eliminating some control protocols entirely (like
Spanning Tree), and allows for sophisticated traffic management without re-

quiring any additional capability in the network devices.

18



4.2 OpenFlow

OpenFlow [11] is a secure communication protocol between a remote controller soft-
ware and agent software that runs on a network device. It gives access to the data
forwarding plane of that network device over the network. The protocol includes a
well defined “forwarding instruction set” that gives the remote controller software
the power to modify the behavior of each network device. A well defined, open API
allows “applications” that handle control protocols and provide advanced traffic man-
agement capabilities to directly “program” the network using the remote controller.

OpenFlow is an enabler of software defined networking.

e
Centralized
Controller Az
Control Plane
Control Plane
Data Plane
Data Plane
Legacy Switch OpenFlow-enabled
Switches
switch- srep src-port dst-ip dst-port | priority actions/o | actions/e | actions/d
ID utput nqueue rop
00:00: " § 15 70,11 10.70.11 eee
00:aa: : 70’ 50060 -86- 50060 32767 - 2:1
06:b9 ) )
Flow Table

Figure 4.2: Traditional versus OpenFlow Switches

The data path portion still resides on the switch, while high-level routing de-
cisions are moved to a separate controller. The OpenFlow Switch and Controller
communicate via the OpenFlow protocol, which defines messages, such as packet-

received, send-packet-out, modify-forwarding-table, and get-stats. The data path

19



of an OpenFlow Switch presents a clean flow table abstraction; each flow table en-
try contains a set of packet fields to match, and an action (such as send-out-port,
modify-field, or drop). When an OpenFlow Switch receives a packet it has never
seen before, for which it has no matching flow entries, it sends this packet to the
controller. The controller then makes a decision on how to handle this packet. It can
drop the packet, or it can add a flow entry directing the switch on how to forward
similar packets in the future. Thus, OpenFlow enables one to easily deploy innova-
tive routing and switching protocols in a network. Another feature of OpenFlow is
simple Quality-of-Service (QoS). An OpenFlow switch provides limited support for
QoS through a simple queuing mechanism. One or more queues can attach to a port
and be used to map flows on it. Flows mapped to a specific queue will be treated

according to that queues QoS configuration (e.g. minimum rate).

4.3 Dynamic Priority Assignment

When we submit a Hadoop Job, the HDF'S sends out split files of the input payload
to the Mappers. The Mappers process the split files and generate intermediate files
to be sent to the Reducers at the end of the Map phase. The Intermediate files
are sent to the Reducers, this phase is the Shuffle phase. Reducers aggregate the
intermediate files and write the end result back to the HDFS. All these interactions
between the Mappers and Reducers are orchestrated by the Job Tracker process
which is running on the NameNode. The Job Tracker has the priori knowledge of
which are the Mapper nodes and which are the Reducer nodes. The Mappers and

Reducers also report all the start and end task events to the Job Tracker.

20



NameNode

Datanode + Datanode +

TaskTracker TaskTracker
1...n Flowpusher n...
Module
penFlow penFlow j

Switch Switch

Insert Flows to Prioritize Shuffle Traffic
over other congestion

curl -d '{"switch": "00:00:86:63:7f:3b:2c:

Flowpusher 4a", "name":"flow-mod1", "cookie":"0",
Module "priority":"32768","src-ip":"10.70.11.86","

src-port":"50060","ether-type":"0x0800",

"protocol":"6","active":"true","actions":"

output=normal,enqueue=1:1"} http:

Hadoop
Client

/Nlocalhost:
8080/wm/staticflowentrypusher/json

Figure 4.3: Dynamic Flow Pusher

In our implementation, we edit the Job Tracker code so that at the end of the
Mapper task it inserts a flow with high priority in the underlying OpenFlow Switch.
The flow inserted has the src-ip of the Mapper and the dst-ip of the Reducer. It also
configures the flow for only the src-port 50060 because the Hadoop Shuffle traffic
comes only out port 50060. Thus, the Shuffle traffic uses the high priority, high QoS
queue for its transfer. The Job Tracker removes the flow at the end of the Shuffle
phase.

There can be a phase in the Hadoop ecosystem where multiple jobs might try to
push flows to the same switch at the same time. Though this situation is not taken
care of in our proposed solution, we propose to solve this by implementing a lock
based priority assignment. A job with higher priority will be able to request a lock

on the switches in its path. Meanwhile, other jobs with lower priority will have to
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wait for this lock to be released to be able to push the flows on the same switches.

4.4 Application Layer Traffic Optimization

Today, network information available to applications is mostly from the view of
endhosts. There is no clear mechanism to convey information about the network
infrastructure (e.g., preferences or topological properties) to applications, forcing
applications to make approximations using data sources such as BGP Looking Glass
or their own measurements, which can be misleading or inaccurate. On the other
hand, modern network applications can be adaptive, with the potential to become
more network-efficient (e.g., reduce network resource consumption) and achieve bet-
ter application performance (e.g., accelerated download rate), by leveraging better
network-provided information.[15]

The ALTO Service provides a simple mechanism to convey network information
to applications. Its objective is to provide basic, abstract but useful network in-
formation to applications. The mechanism includes abstractions to achieve concise,
flexible network information expression.[22]

At a high level, the ALTO Service allows a Service Provider (e.g., an ISP) to
publish information about network locations and costs between them at configurable
granularities.

Applications that use the ALTO Service can benefit in multiple ways. For exam-
ple, they may no longer need to infer topology information, and some applications
can reduce reliance on measuring path performance metrics themselves. They can

take advantage of the ISP’s knowledge to avoid bottlenecks and boost performance.
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The ALTO Server provides batch information to ALTO Clients in the form of
Network Map and Cost Map. The Network Map provides the full set of Network
Location groupings defined by the ALTO Server and the Endpoints contained with

each grouping. The Cost Map provides costs between the defined groupings.

4.5 Interface to Metadata Access Points Protocol
(IF-MAP)

IF-MAP protocol [13] is published by the Trusted Computing Group (TCG) and
is managed by the Trusted Network Connect (TNC) sub-group, which includes a
number of vendors and end users. The TNC group has defined and implemented a
suite of protocols that provide an open solution architecture that enables network
operators to enforce policies. Part of the TNC architecture is IF-MAP, which defines
a standard interface between any product or system and a so called Metadata Access
Point, which is a database for aggregating, correlating, and distributing metadata
between different systems in real time. The latest version of the IF-MAP protocol
was released in August 2010 and there are a number of commercial and open-source
products that include the protocol and that have been deployed in production envi-
ronments.

The IF-MAP architecture is very general and can be used for use cases outside
the realm of network security. Specifically, IF-MAP can be used for the protocol
between the interfaces of measurement services and IF-MAP objects (identifiers,

metadata and links) can be used to define a very flexible, adaptable, and immediately
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implementable schema. The IF-MAP protocol is lightweight and supports three
primitive operations: Publish, Subscribe, and Search. IFMAP supports a network or
graph information model similar to RDF [12] but with some simplifying assumptions
which makes implementation of IF-MAP clients simple. It is an XML dialect with
bindings, which include SOAP/HTTPS.

4.6 Intelligent Path Determination
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Controller ALTO Client
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Switch 2
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Figure 4.4: Pictorial Overview of the Overall System

In current Hadoop distribution, the Mappers select the path to reach the Reducers
on a random basis. The Mappers don’t evaluate the shortest /cheapest path to reach
to the Reducers. This may lead to a Mapper sending its intermediate file to a

Reducer via a long/costlier path in turn the MapReduce processing taking more
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time to complete. As discussed above, there are a lot of file transfers happening in
the underlying network. These file transfers take longer to complete because of the
other traffic in the network. In our approach, we give Mappers the ability to choose
the shortest/cheapest path to reach to their selected Reducer.

As illustrated in Figure 4.4, the Hadoop Cluster Manager has an embedded ALTO
Client which publishes the Cluster Topology to the ALTO Server at its inception. An
ALTO Client embedded inside the OpenFlow Controller, publishes the real-time stats
from the OpenFlow Switches in the Cluster. The above two published information
forms the ALTO Information Base which helps select the cheapest/shortest path in
the Cluster.

Hadoop Job Tracker has the apriori knowledge of the roles of all the nodes in the
Cluster. Job Tracker knows which nodes are Mappers and which nodes are Reducers.
When the Map phase in the Hadoop Job completes, the Job Tracker knows about
the Reducers where the Mappers will be sending the intermediate files. Job Tracker
takes the help of the ALTO Client embedded inside the Hadoop Code Base to get
the congestion information in the underlying network from the ALTO Server. Once
the Job Tracker gets the congestion information, it evaluates the cheapest/shortest
path to send the intermediate files to the Reducers. Thus, it decides on the path
and contacts the Flow Pusher class to insert appropriate flows on the selected path.

Also, the path determination technique used in our proposed solution is very
naive. Deciding the current congestion in the underlying network just depending on
the packet count may not be a wiser choice. Future scope will comprise of coming up

with a better decision policy where other parameters like system usage, link latency,
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etc. will be considered before making the intelligent path determination.
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Chapter 5

Experiment Setup

5.1 Hadoop Cluster and Network

The 15 node Hadoop cluster ran the Cloudera distribution of Hadoop [4] on 3 physical
systems (Serverl, Server2, and Server3) connected to a physical switch as shown
in Figure 5.1. The Hadoop nodes were running on virtual machines (VMs) in a
XenServer [3] virtualized environment. The Cloudera Cluster Manager (CM) ran on
one of the VMs in the cluster and managed the Hadoop cluster. The Open vSwitch
(OVS) [19] is the default network stack for the XenServer. Open vSwitch is a multi-
layer software switch that supports OpenFlow standard 1.0 [10]. We used BigSwitchs
opensource Apache-license, Java-based OpenFlow Controller called Floodlight [18]

to setup flow entries in the OpenFlow switches.
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Figure 5.1: Hadoop Cluster Setup

5.2 Test Procedures

For the experiments, we used the Hadoop Sort program to run as the job under test.
Hadoop comes with a MapReduce program that does a partial sort of its input. It is
very useful for benchmarking the whole MapReduce system, as the full input dataset
is transferred through the intermediate shuffle phase. The three steps of the Hadoop
Sort program are: generate random data, perform sort, and validate the results [27].

For the first set of experiments we used the QoS capability of the OpenFlow
standard so that we could explore the use of OpenFlow in a small cluster with just
three systems. First, we setup the maximum rate (QoS) on all the three OpenFlow

vSwitches to be 300 Mbps. Next, we created three queues, the first (q0) with 50
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Mbps, second (ql) with 200 Mbps, and the third (q2) with 5 Mbps. Even though
our network supported higher bandwidth, we used these rates to artificially create
congestion and investigate the benefit of OpenFlow switches under such situations.
We generated additional traffic in the cluster using a utility called Iperf [26]. We
ran an Iperf server on one VM and a client on another VM on a different physical
system. In all cases, we ran Hadoop Sort jobs for the different input payloads (size:
0.4 MB, 4 MB, 40 MB, 400 MB and 4GB).

In the first experiment (Experiment 1), we did not insert any flows in the Open-
Flow switches. Thus, all the traffic traveled through the queue 0. No other sig-
nificant traffic was present in the cluster. We recorded the time taken for each sort
job.

In the second experiment (Experiment 2), we ran the Hadoop job in parallel with
the Iperf traffic which created significant congestion in the network. All the traffic
traveled through the queue 0. Again, we ran the Hadoop Sort job on the input
payloads and recorded the time taken for each sort job.

In the next experiment (Experiment 3), we used OpenFlow to provide different
network characteristics to some traffic categories of Hadoop traffic. In Hadoop, the
Task Trackers communicate with each other using HT'TP on port 50060. The major
part of this interaction between Task Trackers is due to the shuffle phase where
intermediate data is moved from Mappers to Reducers. We added new flow entries
in all the OpenFlow switches to direct all traffic on port 50060 to queue ql, which
had highest bandwidth. Iperf traffic was directed to queue q2, the lowest bandwidth

queue, and the rest of the traffic used queue q0. We ran the same Hadoop Sort job
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for the same input payloads and recorded the time taken for each sort job.

5.3 Sort Benchmark

Sort is often used as a baseline benchmark for HDFS. The sorting program has
been pervasively accepted as an important performance indicator of MapReduce
[24], because sorting is an intrinsic behavior of the MapReduce framework. In our
experiments, the input data of Sort is generated using the RandomWriter. At the
beginning of its execution, Sort maps the tasks to all data nodes. Each task then
reads local data and performs sorting in parallel. A reduce phase follows the sorting
phase to merge the locally-sorted data chunks from all data nodes and writes them

to a new file.

5.4 ALTO Prototype

ALTO Prototype comprises of ALTO Server and Clients. ALTO Server has been built
by leveraging the graph database and pub-sub capabilities of the IF-MAP Server.
A topology publish script (ALTO Client) publishes the network topology of our
experimental Hadoop to the ALTO Server. We have generated switch stats using
normal distribution in MATLAB. These stats include Packet Count, Byte Count,
and Flow Count on the OpenFlow Switches in the Cluster. A stats publish script
(ALTO Client) publishes these stats on the ALTO Server. The above two published
information forms the ALTO Information Base.

Now we run Flow Pusher script where we manually pass arguments about the
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Mapper and the Reducer. This Flow Pusher script queries the ALTO Server to get
the network map and cost map. By processing the network map and cost map it
evaluates which will be the cheapest/shortest path to send the intermediate file to
the Reducer from the Mapper. Depending on the path selected, flows are pushed to
the corresponding OpenFlow vSwitches to establish preferred QoS.

Mininet [17] tool is used in this prototype to create the OpenFlow-based network.
IF-MAP Server is used to host the ALTO Information Base. [F-MAP Perl Framework

[13] is used to design the ALTO Clients.

5.5 Integration Considerations for ALTO-Hadoop

We used IF-MAP Server and Protocol to implement ALTO Server and clients because
it provides graph database structure and pub-sub capability. Graph database makes
it easier to maintain the network topology. Pub-sub gives the ALTO clients the
ability to consult the ALTO Server for network related information.

So, to integrate the proposed ALTO solution with Hadoop the only requirement

is to include IF-MAP modules in the Hadoop Library.
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Chapter 6

Results

6.1 Without ALTO Results Discussion

Table 6.1: Hadoop Performance with OpenFlow

I/P Payload Size Time Taken | With Congestion | With Congestion &
(MB) | w/o Iperf (sec) (sec) OF-enabled (sec)

0.4 16.66 23.66 22

4 19.33 25 21.33

40 22.66 28.33 26

400 99 73.66 69.66

4000 270.66 446 426.66

Table 6.1 shows the results of experiments 1, 2, and 3 described in Chapter 5.
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Column 2 has the results for experiment 1, Column 3 has the results for experi-
ment 2, and Column 4 has the results for experiment 3. It shows that the Hadoop
job performs better when Iperf traffic is assigned to a queue with lower maximum
bandwidth, and the rest of the traffic is assigned to queue with higher maximum

bandwidth. It also shows the improvement in performance seen for the case where




Hadoop shuffle traffic is assigned to the queue with higher bandwidth.
Results in the above table show the average of 3 readings taken per input pay-
load for each of the 3 experiments. Below graphs in Figures 6.1 and 6.2, show the

distribution of the readings taken in the experiments.

Throughput Distribution for IIP Payload 400MB

80 M Reading #1
M Reading#2

Reading # 3
80

70

Time Taken (in secs)

60

50 —
0 1 2 3 4

Experiment Number

Figure 6.1: Throughput Distribution for I/P Payload 400 MB

6.2 With ALTO Anticipated Outcomes

As discussed above, if there are multiple paths to the Reducer, in current distribution
of Hadoop, the Mapper randomly selects one path to direct traffic to the desired
Reducer. There is a strong possibility that the chosen path might be costlier/longer
than other available paths. So, when the Mapper consults the ALTO Server to
evaluate and choose the best possible cheapest/shortest path, it can be expected to
avoid the delay which was possible by using other paths. If we just compute shortest

path, we can expect to achieve results analogous to the Shortest Path First Protocol.
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Figure 6.2: Throughput Distribution for I/P Payload 4000 MB
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Chapter 7

Conclusion & Future Scope

7.1 Conclusion

We have described OpenFlow and ALTO enabled Hadoop and several experimental
studies we performed to quantify the performance advantages of a version of Hadoop
that uses OpenFlow and ALTO to dynamically adjust the network topology and gain
increase in its throughput.

We have tried to determine that applications in the Data Centers, is the prime
domain to leverage the offerings of the Software Defined Paradigm.

From our study it is evident that not all Hadoop Jobs can benefit from the
acceleration schema we have proposed but only those jobs who generate a lot of shuffle
traffic will benefit. Also, we have not been able to deduce under what circumstances
(like bigger input payload, bigger underlying network fabric, etc.) will the percentage

gain in throughput be more.
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7.2 Future Scope

As we analyze the results we can see that there is a considerable increase in Hadoop
throughput by just optimizing the shuffle traffic. On the same lines, we can also

setup dedicated high bandwidth flows for:
1. HDFS Replication.
2. Hadoop’s inter-cluster replication.
3. The Split Phase in Hadoop.

Coming up with a well-defined function to process the Network Map and Cost Map
from the ALTO Information Base in order to evaluate the cheapest/shortest path

will also be a good study.

Implementing rendezvous type Mapper and Reducer selection in the Hadoop

distribution will also help optimize Hadoop.
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