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Map-Reduce are a programming model that enableg éavelopment of scalable
parallel applications to process vast amounts ¢d da large clusters of commodity
machines. Based on this new framework, we perfextended evaluations of Map
Reduce-inspired processing jobs on an laaS clostérsyand compare the results to the
popular data processing framework Hadoop. Througsingle interface with two
functions, map and reduce, this model facilitatesajel implementation of many real-
world tasks such as data processing for searcmesigind machine learning. In recent
years ad hoc parallel data processing has emeogked bne of the killer applications
for Infrastructure-as-a- Service (laaS) clouds.&loud computing companies have

started to integrate frameworks for parallel datacessing in their product portfolio,
making it easy for customers to access these ssndad to deploy their programs.
Nephele is the first data processing framework xplieitly exploit the dynamic
resource allocation offered by today’s laaS clodials both, task scheduling and
execution. Particular tasks of a processing job lmarassigned to different types of
virtual machines which are automatically instaetiat

INTRODUCTION

In order to simplify the development of distribditapplications on top of such architectures, mdmnhese
companies have also built customized data proog$smeworks. They can be classified by terms high
throughput computing (HTC) or many-task computikty C), depending on the amount of data and the numbe
of tasks involved in the computation. Although theystems differ in design, their programming meddlare
similar objectives, namely hiding the hassle of aflat programming, fault tolerance, and execution
optimizations from the developer. Developers capiclly continue to write sequential programs. The
processing framework then takes care of distrilgutive program among the available nodes and exs&eaith
instance of the program on the appropriate fragnoéntlata. Instead, Cloud computing has emerged as a
promising approach to rent a large IT infrastruetan a short-term pay-per-usage basis. Operatass-oélled
Infrastructure-as-a-Service allocated. In this papewant to discuss the particular challengesapmbrtunities
for efficient parallel data processing in cloudsl gstesent Nephele, a new processing framework @ttpli
designed cloud environments. Most notably, Neplelthe first data processing framework to inclutde
possibility of dynamically allocating/deallocatidifferent compute resources from a cloud in itsesketing and
during job execution.

Challenges And Opportunities:
Current data processing frameworks like GoogMapReduce or Microsoft’'s Dryad engine have been
designed for cluster environments. This is refldciie a number of assumptions they make which ate no
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necessarily valid in cloud environments. In thistes, we discuss how abandoning these assumptasss
new opportunities but also challenges for efficigatallel data processing in clouds.

A. Opportunities:

Today’s processing frameworks typically assume rb&ources they manage consist of a static set of
homogeneous compute nodes. Although designed tbvd#a individual nodes failures, they consider the
number of available machines to be constant, ealhegihen scheduling the processing job’s executitthile
laaS clouds can certainly be used to create suddtectlike setups, much of their flexibility remainnused.
One of an laaS cloud’s key features is the promisip of compute resources on demand. New VMs can be
allocated at any time through a well-defined irdeef and become available in a matter of secondshibies
which are no longer used can be terminated instamtl the cloud customer will be charged for themmore.
Moreover, cloud operators like Amazon let theirtougers rent VMs of different types, i.e., with @ifént
computational power, different sizes of main memand storage. Hence, the computer resources bleifaa
cloud are highly dynamic and possibly heterogeneous

With respect to parallel data processing, thigilfiéity leads to a variety of new possibilitiesanicularly
for scheduling data processing jobs. The questi@atieduler has to answer is no longer “Given ao$et
compute resources, how to distribute the particialaks of a job among them?”, but rather “Giveola jwhat
compute resources match the tasks the job corcfidiest?”. This new paradigm allows allocating coitep
resources dynamically and just for the time theyraquired in the processing workflow. For, e.gramework
exploiting the possibilities of a cloud could staith a single VM which analyzes an incoming joldahen
advises the cloud to directly start the requiredsvddcording to the job’s processing phases.

After each phase, the machines could be releasddna longer contribute to the overall cost for the
processing job. Facilitating such use cases impsse® requirements on the design of a processamgefivork
and the way its jobs are described. First, the didiee of such a framework must become aware otcthed
environment a job should be executed in. It mustvkabout the different types of available VMs adl\as
their cost and be able to allocate or destroy tharbehalf of the cloud customer. Second, the pgnadised to
describe jobs must be powerful enough to expregerdiencies between the different tasks the jobsistsrof.
The system must be aware of which task’s outprgdsiired as another task’s input.

Otherwise the scheduler of the processing framkewannot decide at what point in time a particM&f is
no longer needed and de allocate it. The MapRegattern is a good example of an unsuitable paradtigre:
Although at the end of a job only few reducer tasiay still be running, it is not possible to shotwh the idle
VMs, since it is unclear if they contain intermadiaesults which are still required. Finally, thehaduler of
such a processing framework must be able to determhich task of a job should be executed on whjipb of
VM and, possibly, how many of those. This inforroaticould be either provided externally, e.g., as an
annotation to the job description, or deduced mahy, e.g., from collected statistics, similarly the way
database systems try to optimize their executibedule over time.

B. Challenges:

The cloud’s virtualized nature helps to enablengising new use cases for efficient parallel data
processing. However, it also imposes new challergespared to classic cluster setups. The majolerige
we see is the cloud’s opaqueness with prospeckptwiEing data locality: In a cluster the computedes are
typically interconnected through a physical higlfpenance network. The topology of the network,,itbe
way the compute nodes are physically wired to eshbbr, is usually well known and, what is more imipot,
does not change over time.

Current data processing frameworks offer to legerthis knowledge about the network hierarchy and
attempt to schedule tasks on compute nodes saldtatsent from one node to the other has to travesfew
network switches as possible. That way networkléra¢icks can be avoided and the overall throughptheo
cluster can be improved. In a cloud this topolagfpiimation is typically not exposed to the custon®nce the
nodes involved in processing a data intensive jtdnchave to transfer tremendous amounts of dataudin the
network, this drawback is particularly severe; past the network may become congested while othezs
essentially unutilized. Although there has beeeaesh on inferring likely network topologies solétgm end-
to-end measurements it is unclear if these teclesigue applicable to laaS clouds. For securityoreaslouds
often incorporate network virtualization techniqueghich can hamper the inference process, inqdati when
based on latency measurements. Even if it was lgest determine the underlying Network hierarchyai
cloud and use it for topology-aware.

Design:

Based on the challenges and opportunities outlingtie previous section we have designed Neplzele,
new data processing framework for cloud environseNephele takes up many ideas of previous prougssi
frameworks but refines them to better match theadyin and opaque nature of a cloud.
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A. Architecture:

Nephele’s architecture follows a classic masterkeppattern as illustrated in Fig. 1. Before sutimg a
Nephele compute job, a user must start a VM inctbad which runs the so called Job Manager (JMg Jbb
Manager receives the client’s jobs, is respondibiescheduling them, and coordinates their exeautibis
capable of communicating with the interface thaidloperator provides to control the instantiatiovbls. We
call this interface the Cloud Controller. By mearighe Cloud Controller the Job Manager can allecat de
allocate VMs according to the current job execupbase.

We will comply with common Cloud computing termiogy and refer to these VMs as instances for the
remainder of this paper. The term instance type bl used to differentiate between VMs with differe
hardware characteristics. For example, the instiype “m1.small” could denote VMs with one CPU ¢aorae
GB of RAM, and a 128 GB disk while the instanceetigi.xlarge” could refer to machines with 8 CPUex
18 GB RAM, and a 512 GB disk. The actual executibtasks which a Nephele job consists of is caroedby
a set of instances. Each instance runs a so-Cedlskl Manager (TM).

A Task Manager receives one or more tasks fromlbk Manager at a time, executes them, and &fbér t
informs the Job Manager about their completion ossible errors. Unless a job is submitted to thie Jo
Manager, we expect the set of instances (and hlecset of Task Managers) to be empty. Upon jobpton
the Job Manager then decides, depending on the pabticular tasks, how many and what type of imta the
job should be executed on, and when the respeatstances must be allocated/de allocated to ensure
continuous but cost-efficient processing. Our auirsgrategies for these decisions are highlightetieend of
this section.

The newly allocated instances boot up with a mnesly compiled VM image. The image is configured to
automatically start a Task Manager and registesth the Job Manager. Once all the necessary Tamhkagers
have successfully contacted the Job Manager,gigeérs the execution of the scheduled job. Initjaihe VM
images used to boot up the Task Managers are laladkdo not contain any of the data the Nepheleigob
supposed to operate on. As a result, we expedidle to offer persistent storage (like, e.g., Aoras3 2009).
This persistent storage is supposed to store tiie joput data and eventually receive its outpuadi must be
accessible for both the Job Manager as well ashforset of Task Managers, even if they are condduyea
private or virtual network.

Cloud
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| T “_ ‘ Somge

Fig. 1: Structural overview of Nephele running in an Isfracture-as-a-Service (laaS) cloud.

Evaluation:

In this section, we want to present first perfong® results of Nephele and compare them to the data
processing framework Hadoop. We have chosen Hadsopur competitor, because it is an open source
software and currently enjoys high popularity ie thata processing community. We are aware that ¢fatlas
been designed to run on a very large number of aéide, several thousand nodes). However, acoptdimour
observations, the software is typically used witgmn#icantly fewer instances in current laaS claults fact,
Amazon itself limits the number of available instas for their MapReduce service to 20 unless thpetive
customer passes an extended registration process.

The challenge for both frameworks consists of dlstract tasks: Given a set of random integer nwnbe
the first task is to determine the k smallest afsthnumbers. The second task subsequently isdalatd the
average of these k smallest numbers. The job lassic representative for a variety of data analyds whose
particular tasks vary in their complexity and haaderdemands. While the first task has to sort tiigeedata
set, and therefore, can take advantage of largauatsiaof main memory and parallel execution, theosdc
aggregation task requires almost no main memory, atdieast eventually, cannot be parallelized. We
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implemented the described sort/aggregate taskhimetdifferent experiments. For the first experimeame
implemented the task as a sequence of MapReducgapne and executed it using Hadoop on a fixed Bet o
instances. For the second experiment, we reusesaiine MapReduce programs as in the first experiimant
devise a special MapReduce wrapper to make thesgrgms run on top of Nephele. The goal of this
experiment was to illustrate the benefits of dyrmaresource allocation/ deallocation while still mtaining the
MapReduce processing pattern. Finally, as the thikperiment, we discarded the MapReduce pattern and
implemented the task based on a DAG to also hightige advantages of using heterogeneous instalficesll
three experiments, we chose the data set size 10®W&B. Each integer number had the size of 1@@sbyAs a
result, the data set contained about 109 distirieger numbers. The cut-off variable k has beemos2t_ 108,

so the smallest 20 percent of all numbers had welbermined and aggregated.

Conclusion:

In this paper, we have discussed the challengdsopportunities for efficient parallel data prodegsin
cloud environments and presented Nephele, theditst processing framework to exploit the dynaresource
provisioning offered by today’s laaS clouds. We énalescribed Nephele’s basic architecture and ptexden
performance comparison to the well-established pledeessing framework Hadoop.

The performance evaluation gives a first impressia how the ability to assign specific virtual e
types to specific tasks of a processing job, a$ agethe possibility to automatically allocate/dieeate virtual
machines in the course of a job execution, can helpmprove the overall resource utilization and,
consequently, reduce the processing cost. Thisléeppnodified in MS Word 2007 and saved as a “thar-
2003 Document” for the PC, provides authors withstaf the formatting specifications needed for prem
electronic versions of their papers.

All standard paper components have been spedifiedhree reasons: (1) ease of use when formatting
individual papers, (2) automatic compliance to ®tmdc requirements that facilitate the concurrentlater
production of electronic products, and (3) confdynof style throughout conference proceedings. Mg
column widths, line spacing, and type styles ardt-by examples of the type styles are providetbtighout
this document and are identified in italic typethin parentheses, following the example. Some compts,
such as multi-leveled equations, graphics, ancsabite not prescribed, although the various tabtestyles are
provided. The formatter will need to create thes@mgonents, incorporating the applicable critergt thllow.

REFERENCES

Amazon Web Services, L.L.C., 2009. “Amazon ElastCompute Cloud (Amazon EC2),”
http://aws.amazon.com/ec2/.

Amazon Web Services, L.L.C, 2009. “Amazon Elastic MapReduce,”
http://aws.amazon.com/elasticmapreduce/.

Amazon Web Services, L.L.C., 2009. “Amazon Simpier&ge Service,”http://aws.amazon.com/s3/.

Battre’, D., S. Ewen, F. Hueske, O. Kao, V. Maikl,Warneke, 2010. “Nephele/PACTs: A Programming
Model and Execution Framework for Web-Scale AnabjtiProcessing,” Proc. ACM Symp. Cloud Computing
(SoCC '10), 119-130.

Chaiken, R., B. Jenkins, P.A. Larson, B. Ramse\Siiakib, S. Weaver, J. Zhou, 2008. “SCOPE: Easy and
Efficient Parallel Processing of Massive Data Sé®spc. Very Large Database Endowment, vol. 1, Zyqop.
1265-1276.

Chih Yang, H., A. Dasdan, R.L. Hsiao, D.S. ParkZ07. “Map- Reduce-Merge: Simplified Relational
Data Processing on Large Clusters,” Proc. ACM SIGMGX'| Conf. Management of Data.



