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Abstract. Infrastructure services (Irdstructureasa-service), provided by
cloud vendors, allow any user to provision a large number of compute instances
fairly easily. Whether leased from public clouds or allocated from private
clouds, utilizing these virtual resources to perform data/coenfntensive
analyses requires employing different parallel runtimes to implement such
applications. Among many parallelizable probl ems,
applications can be performed using MapReduce technologies such as Hadoop,
CGL-MapReduce, ah Dryad, in a fairly easy manner. However, many
scientific applications, which have complex communication patterns, still
requirelow latency communicatiomechanism&nd rich set of communication
constructs offered bsuntimes such as MPI. In this paper, we first discuss large
scale data analysis using different MapReduce impleniensaand then, we
present a performance analysis of high performance parallel applications on
virtualized resources.
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1 Introduction

The introduction of commercial cloud infrastructuesvdéces such as Amazon EC2/S3
[1-2] and GoGridi3] allow users to provision compute clusters fairly easily and
quickly by paying a monetary value only for the duratiérthe usage of resources.
The provisioning of resources happens in minutes as opposed to the hours and days
required in the case of traditional quehssed job scheduling systems. In addition,
the use of such virtualized resources allows the user to ctalypleustomize the
Virtual Machine (VM) images and use them with root/administrative privileges,
which is another feature that is hard to achieve with traditional infrastructures.

The availability of open source cloud infrastructure software such as Nifpus
and Eucalyptusq], and the open source virtualization software stacks such as Xen
Hypervisorg], allows organizations to build private clouds to improve the resour
utilization of the available computation facilities. The possibility of dynamically
provisioning additional resources by leasing from commercial cloud infrastructures
makes the use of private clouds more promising.

With all the above promising featuresf cloud, we can assume that the
accessibility to computation power is no longer a barrier for the users who need to



perform large scale data/compute intensive applications. However, to perform such
computations, two major pi@onditions need to be satisfi: (i) the application should

be parallelizable to utilize the available resources; and (ii) there should be an
appropriate parallel runtimgupportto implement it.

We have applied several cloud technologies such as Hafpdpfyad and
DryadLINQ[8,9], and CGl-MapReducef(], to various scientific applications wiz: (i)
Cap3[L]] data analysis; (ii) High Energy Physics(HE®ta analysis; (iv) Kmeans
clusteringlLl2]; and, (v) Matrix Multiplication. The streaming based MapRedu& [
runtime - CGL-MapReduce developed by us extends the MapReduce model to
iterative MapRduce domain as well. Our experience suggests that although most
Apl easingly parallelo applications can
Hadoop, CGEMapReduce, and Dryad, in a fairly easy manner, scientific
applications, which require complexmmunication patterns, stilkequire more
efficient runtime supporuch as MPI[4].

In order to understand the performance implications of virtualized resources on
MPI applications, we performed an extensive analysis using Eucalppsed private
cloud infrastructure. The use of a private cloud gives us complete control over both
VMs and barametal nodes, a feature that is impossible to achieve in commercial
cloud infrastructures. It also assures a fixed network topology and bahdmitti the
nodes deployed in the same geographical location, improving the reliability of our
results. For this analysis, we used several MPI applications with different
communication/computation characteristics, namely Matrix Multiplication, Kmeans
Clusering, and Concurrent Wave Equation Solver and performed them on several
VM configurations. Instead of measuring individual characteristics such as
bandwidth and latency using micro benchmarks we used real applications to
understand the effect of virtuaéid resources for such applications, which makes our
results unique.

In the sections that follow, we first present the work related to our research
followed by a brief introduction to the data analysis applications we used. Section 4
presents the resulisf our evaluations on cloud technologies and a discussion. In
section 5, we discuss an approach with which to evaluate the performance
implications of using virtualized resources for high performance parallel computing.
Section 6 presents the results dtavaluation along with a discussion of the results.

In the final section we give our conclusions and we discuss implications for future
work.

2 Related Work

Traditionally, most parallel applications achieve fine grained parallelism using
message passingfiastructures such as PVMY] and MPI. Applications achieve
coarsegrained parallelism using workflow frameworks such as Kepld] pnd
Taverna 17], where the individal tasks could themselves be parallel applications
written in MPI. Software systems such as Falkb8,|SWARM [19], and DAGMan

[20] can be used to schedule applicatiomhich comprise of a collection of a large
number of individual sub tasks.
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Once these applications are developed, in the traditional approach, they are
executed on compute clusters, super computers, or Grid infrastru@lir@gpre the
focus on allocating resources is heavily biased by the availability of computational
power. The application and the data both need to be moved to the available
computational power in order for them to be executed. Although these infrastructures
are highly efficient in performing compute intensive parallel applications, when the
volumes of data accessed by an application increases, the overall efficiency decreases
due to the inevitable data movement.

Cloud technologies such as Google MapRedGmmgle File System (GFS22],
Hadoop and Hadoop Distributed File System (HDFH) Microsoft Dryad, and
CGL-MapReduce adopt a more datentered approach to parallel runtimes. In these
frameworks,the data is staged in data/compute nodes of clusters ordeatge data
centers, such as in the case of Google. The computations move to the data in order to
perform data processing. Distributed file systems such as GFS and HDFS allow
Google MapReducena Hadoop to access data via distributed storage systems built
on heterogeneous compute nodes, while Dryad and-K&tReduce support reading
data from local disks. The simplicity in the programming model enables better
support for quality of services suds fault tolerance and monitoring. Table 1
highlights the features of three cloud technologies that we used.

Table 1. Comparison of features supported by different cloud technologies

Feature Hadoop Dryad & DryadLINQ  CGL-MapReduce
Progamming MapReduce DAG based execution MapReduce with
Model flows Combinephase
Data Handling HDFS Shared directories/ Shared file system /
Local disks Local disks

Intermediate Date HDFS/ Files/TCP pipes/ Share Content Distribution
Communication Pointto-pointvia memay FIFO Network

HTTP (NaradaBrokering23])
Scheduling Data locality/ Data locality/ Network Data locality

Rack aware topology based

run time graph
optimizations
Failure Handling Persistence via Re-execution of vertice: Currently not

HDFS implemented
Re-executon of (Re-executing map
map and reduce tasks, redundant reduc
tasks tasks)

Monitoring Monitoring support Monitoring support for Programming iterface
of HDFS, execution graphs to monitor the progress
Monitoring of jobs
MapReduce
computations

Language Implemented using Programmable via C# Implemented using Jav

Support Java DryadLINQ provides Other languages are
Other languages a1 LINQ programming supporté via Java
supported via AP| for Dryad wrappers

Hadoop Streaming




Y. Gu, et al., present Spher24] architecture, a framework which can be used to
execute usedefined functions on data stored in a storage framework named Sector,
in parallel. Sphere can also perform MapRce style programs and the authors
compare the performance with Hadoop for isoat application. Sphere stores
intermediate data on files, and hence is susceptible to higher overheads for iterative
applications.

All-Paris P5] is an abstraction that can be used to solve a common problem of
comparing all the elements in a data set with all the elements in another data set by
applying a given function. This problem can be implemented using typical
MapReduce frameworks such ddadoop, however for large data sets, the
implementation will not be efficient, because all map tasks need to access all the
elements of one of the data sets. We can develop an efficient iterative MapReduce
implementation using CGMapReduce to solve thisrgblem. The algorithm is
similar to the matrix multiplication algorithm we will explain in section 3.

Lamia Youseff, et al., presents an evaluation on the performance impact of Xen on
MPI [26]. According to their evaluationghe Xen does not impose considerable
overheads for HPC applications. However, our results indicate that the applications
that are more sensitive to latencies (smaller messages, lower communication to
computation ratios) experience higher overheads urideelized resources, and this
overhead increases as more and more VMs are deployed per hardware node. From
their evaluations it is not clear how many VMs they deployed on the hardware nodes,
or how many MPI processes were used in each VM. According toesults, these
factors cause significant changes in results. RunningMlper hardware node
produces a VM instance with a similar number of CPU cores as in artedad node.
However, our results indicate that, even in this approach, if the parallelspesce
inside the node communicate via the network, the virtualization may produce higher
overheads under the current VM architectures.

C. Evangelinos and C. Hill discus27] the details of their analysis on the
performance of RC benchmarks on EC2 cloud infrastructure. One of the key
observations noted in their paper is that both the OpenMPI and the MRI&H&s
show extremely large latencies, while the LAM MPI, the GridMPI, and the MPICH2
scok show smaller smoother latencig®wever, they did not explain the reason for
this behavior in the paper. We also observed similar characteristics and a detailed
explanation of this behavior and related issues are given in section 5.

Edward Walker presents benchmark results of perforidiRG applications using
Ahigh CPU extra |l argeo instances provided by
hardware node<B]. The local nodes are connected using infiniband switches while
Amazon EC2 network technology is unknowime results indicate about 46%600%
performance degradation on EC2 resources compared to the local cluster. Since the
differences in operating systems and the compiler versions between VMs and bare
metal nodes may cause variations in results, for ourysisalwe used a cloud
infrastructure that we have complete control. In addition we used exactly similar
software environments in both VMs and bametal nodes. In our results, we noticed
that applications that are more susceptible to latencies experigies performance
degradation (around 40%) under virtualized resources. The bandwidth does not seem
to be a consideration in private cloud infrastructures.



Ada Gauvrilvska, et al.,, discuss several improvements over the current
virtualization architectures tsupport HPC applications such as HPC hypervisors
(sidecore) and seffirtualized 1/0 devicesZ9]. We notice the importance of such
improvements and research. In our experimental results, we used hardware nodes with
8 cores ad we deployed and tested up to 8VMs per node in these systems. Our results
show that the virtualization overhead increases with the number of VMs deployed on
a hardware node. These characteristics will have a larger impact on systems having
more CPU coreper node. A node with 32 cores running 32 VM instances may
produce very large overheads under the current VM architectures.

3 Data Analysis Applications

The applications we implemented using cloud technologies can be categorized into
three classes, dependiron the communication topologies wiz: (i) Maply; (i)
MapReduce; and (iii) Iterative/Complex. In our previous pap&3(], we have
presented details of MapReduce style applications and a némedustering
application that we developed using cloud technologies, and the challenges we faced
in developing these applications. Therefore, in this paper, we simply highlight the
characteristics of these applications in table 2 and present the ré&sigtbivo new
applications that we developed, Cap3 and matrix multiplication, are explained in more
detail in this section.

Table 2. Map-Only and MapReduce style applications

Feature Map-only MapReduce

Program/date input Data Fies
flow S =) (Gene Sequances) ** .
L L

ROOT interpreted
function

i Performs a merge 3
: operation on histograms :

Cap3 Analysis application

implenented as a mapnly _HEP data analysis application
operation. Each map task |mplement_ed using MapRedL_Jce _
processed a single input data fi Programming model_(ROOT is an objec
and produces a set of output d: oriented data analysis framework).
files.

More Converting a collection of Histogrammingoperations,

Examples documents to different formats, distributed search, and distributed sortii
processing a collection of
medical images, and
Brute force searches in

cryptography




3.1 Cap3

Cap3 is a sequencesasnbly program that operates on a collection of gene sequence
files which produce several output files. In parallel implementations, the input files
are processed concurrently and the outputs are saved in a predefined location. For our
analysis, we have iplemented this application using Hadoop, CGE@apReduce and
DryadLINQ.

3.2 lIterative/Complex Style applications

Parallel applications implemented using message passing runtimes can utilize various

communication constructs to build diverse communication topedodior example, a

matrix multiplication applicat3lassumeshat i mpl emen
parallel processes to be in a rectangular grid. Each parallel process in the gird

communicates with its left and top neighbas shown in Fig. 1(left). The current

cloud runtimes, which are based on data flow models such as MapReduce and Dryad,

do not support this behavior, where the peer nodes communicate with each other.

Therefore, implementing the above type of parallel agtibns using MapReduce or

Dryad models requires adopting different algorithms.

; o |
0
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Fig. 1. Communication topology of matrix multiplication applications implemented using
Cannonés algorithm (left) and MapReduce programming

We have implemented matrix multiplication applications using Hadoop and CGL
MapReduce by adopting a row/column decomposition approach to split the matrices.
To clarify our algorithm, | etdéds consider an exa
produce matx C, as the result of the multiplication process. We split the matrix B
into a set of column blocks and the matrix A into a set of row blocks. In each
iteration, all the map tasks consume two inputs: (i) a column block of matrix B, and
(i) a row block d matrix A; collectively, they produce a row block of the resultant
matrix C. The column block associated with a particular map task is fixed throughout
the computation while the row blocks are changed in each iteration. However, in
Hadoopds pr ddg (typicamapReducemodel), there is no way to specify
this behavior and hence, it loads both the column block and the row block in each
iteration of the computation. CGMapReduce supports the notion of long running
map/reduce tasks where these tasksadlowed to retain static data in memory across



invocations, yielding better performance for iterative MapReduce computations. The
communication pattern of this application is shown in Fig. 1(right).

4  Evaluations and Analysis

For our evaluations, we usado different compute clusters (details are shown in
Table 3). DryadLINQ applications are run on the cluster Ref A while Hadoop; CGL
MapReduce, and MPI applications are run on the cluster Ref B. We measured the
performancgaverageunningtime with vaying input sizespf these applications and

then wecalculated the overheddtroducedby different parallel runtimes using the
following formula, in which P denotes the number of parallel processes (map tasks)
used and T denotes time as a function of the number of parallel processes used. T(1)
is the time ittakes when the task is executed using a single prot@¥sdenotes the

time whenan applicationis executed using P number of parapebcessegFor the
results in Fig. 2 to Fig. Swe used 64 CPU cores and henceRk€4) The results of

these analyses are shown in .Fyi5. Most applicationshave running times in
minutesrange and we noticed thtte fluctuations in running time aress than 5%

for most cloud runtimesThe averag¢imes shown in figuresarecalculated usinghe

results of5 repeated runs of thapplications We used Hadoopelease 0.20, the
academic release of DryadLIN@Iote: The academic release of Bdyonly exposes

the DryadLINQAPI for programmers. Thefore, all our implementations are written
using DryadLINQ althougit uses Dryad athe underlying runtime).

Overhead = [P * T(P) T(L)/T(L). 1)

Table 3. Different computation clusters used for the analyses

Cluster # Nodes used CPU Memory Operating System

Ref /Total CPU cores

Ref A 8/64 2x Intel(R) Xeon(R) 16GB  Windows Server 2008
CPUL5420 i 64 bitHPC Edition
2.50GHz (Service Pack 1)

Ref B 8/64 2 x Intel(R) Xeon(R) 32GB Red Hat Enterprise
CPUL5420 Linux Server release

2.50GHz 5.3 - 64 bit
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Fig. 2. Performance of the Cap3 application
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All three cloud runtimes work competitively well for the CAP3 application. In the
Hadoop implementation of HEP data analysis, we kept the input data in a high
performance parallel file system rather than in the HDFS becauseahssia scripts
written in ROOT could not accesmptabkst a from HDFS
to access data remotely resulting lower performance compared to DryadLINQ and
CGL-MapReduce implementations, which access input files from local disks. Both
DryadLINQ and Hadoop show higher overheads for Kmeans clustering application,
and Hadoop shows higher overheads for the Matrix multiplication application- CGL
MapReduce shows a close performance to the MPI for large data sets in the case of
Kmeans clusteringnd matrix multiplication applications, highlighting the benefits of
supporting iterative computations and the faster data communication mechanism in
the CGL:-MapReduce.
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Fig. 5. Overhead induced by different parallel programming runtimes for the matrix
multiplication application (8 nodes are used)

From these results, it is clearly evident that the cloud runtimes perform
competitively well for boththe Map-only and theMapReduce styl@pplications.
However, for iterative and complex classes of applications, cloud runtimes show
considerably high overheads compared to the MPI versions of the same applications,
implying that, for these types of applimats, we still need to use high performance
parallel runtimes or use alternative approaches. (Note: The negative overheads
observed in the matrix multiplication application are due to the better utilization of a
cache by the parallel application than tivggke process version). These observations
lead us to the next phase of our research.

5 Performance of MPI on Clouds

After the previous observations, we analyzed the performance implications of cloud
for parallel applications implemented using MPI. Spedificave were trying to find
the overhead of virtualized resources, and understand how applications with different



communicatiorto-computation (C/C) ratios perform on cloud resources. We also
evaluated different CPU core assignment strategies for VMsder do understand
the performance of VMs on multiore nodes.

Commercial cloud infrastructures do not allow users to access the bare hardware
nodes, in which the VMs are deployed, a rheste requirement for our analysis.
Therefore, we used a Eucalyptossed cloud infrastructure deployed at our university
for this analysis. With this cloud infrastructure, we have complete access to both
virtual machine instances and the underlying tmaetal nodes, as well as the help of
the administrators; as a result,ewcould deploy different VM configurations
allocating different CPU cores to each VM. Therefore, we selected the above cloud
infrastructure as our main test bed.

For our evaluations, we selected three MPI applications with different
communication and conuation requirements, namely, (i) the Matrix multiplication,
(i) Kmeans clustering, and (ii) the Concurrent Wave Equation solver. Table 4
highlights the key characteristics of the programs that we used for benchmarking.

Table 4. Computation and commuzdtion complexities of the different MPI applications used.

Application  Matrix multiplication Kmeans Clustering  Concurrent Wave Equatio

Description | mp |l e me nt sImplements Kmeans A vibrating string is
Algorithm Clusteing Algorithm  decomposed (split) into
Assume a rectangula Fixed number of points, and each MPI
process grid (Fig- iterations are process is responsible for
left) performed in each tes updating the amplitude of
number of points over
time.

Grain size (n) Number of points in a Number of data points Number of points handled
matrix block handled handled by a single by each MPI process
by each MPI process MPI process
Communicati Each MPI process  All MPI processes In each iteration, each MP
on Pattern communicates with itt send partial clusters t« process exchanges
neighbors in both ron one MPI process (ran’ boundary points with its
wise and column wise 0). Rank 0 distribute nearest neighbors
the new cluster centel
to all the nodes

Computation 3 = 3 O &

per MPI A VE ) Ve )

process

Communicati o VE 2) 01 01

on per MPI

process

cle 0 = 6 x 6 -

ViE 3 >

Message Size VE 2_ n ‘O1 Where Disthe  Each message contains a
number of cluster double value
centers.

Communicati MPI_Sendrecv_replar MPI_Reduce() MPI_Sendrecv()

on routines e() MPI_Bcast()

used




6 Benchmarks and Results

The Eucalyptus (version 1.4) infrastructure we used is deployed on 16 nodes of an
iDataplex cluster, each of which has 2 Quad Core Intel Xeon processors (for a total of
8 CPU cores) and 32 GB of memory. In the baetal version, each node runs a Red
Hat Enterprise Linux Server release 5.2 (Tikanga) operating system. We used
OpenMPI version 1.3.2 with gcc version 4.1.2. We then created a VM image from
this hardware configration, so that we have a similar software environment on the
VMs once they are deployed. The virtualization is based on Xen hypervisor (version
3.0.3) Both baremetal and virtualized resources utilize glgjaEthernet connections.

When VMs are deploykusing Eucalyptus, it allows configuring the number of
CPU cores assigned to each VM image. For example, with 8 core systems, the CPU
core allocation per VM can range from 8 cores to 1 core per VM, resulting in several
different CPU core assignment stigitss. In Amazon EC2 infrastructure, the standard
instance type has ¥ a CPU per VM instaij2g]. In the current version of
Eucalyptus, the minimum number of cores that we can assign for a particular VM
instance is 1; hence, vweelected five CPU corassignmenstrategies (including the
baremetal test) listed ifable 5.

Table 5. Different hardware/virtual machine configurations used for performance evaluations.

Ref Description Number of CPU Amount of Number of
cores accessible memory (GB) virtual or bare
to the virtual or accessible to the metal nodes
baremetal node virtual or bare deployed

metal node

BM Baremetal node 8 32 16

1-VM-8- 1 VM instance per 8 30 (2GB is 16

core baremetal node reserved for

Dom0)

2-VM-4- 2 VM instances per 4 15 32

core baremetal node

4-VM -2- 4 VM instances per 2 7.5 64

core baremetal node

8-VM-1- 8 VM instances per 1 3.75 128

core baremetal node

We ran all the MPI tests, on all 5 hardware/VM configurations, and measured the
performance andalculated speedps and overheads. We calculated two types of
overheads for each application usiiogmula (1).The total overhead induced by the
virtualization and the parallel processing is calculated using thenbeta single
process time as T(1) ithe formula (1). The parallel overhead is calculated using the
single process time from a corregping VM asT(1) in formda (1). The average
times shown infigures are obtained usin§0 repeated rundor each and every

measurement.

In all the MPI tests we performed, we used the following invariant to select the
number of parallel processes (MPI proes3dor a given application.



Number of MPI processes = Number of CPU cores used ()]

For example, for the matrix multiplication application, we used only half the
number of nodes (bametal or VMs) available to us, so that we have 64 MPI
processes = 64 CPU cores. (This is mainly because the matrix multiplication
application expects the MPI processes to be in a square grid, in contrast to a
rectangular grid). For Kmeans clustering, we used all the nodes, resulting in a total of
128 MPI proceses utilizing all 128 CPU cores. Some of the results of our analysis
highlighting different characterizes we observe are shovi#igiré through 13.
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Fig. 6. Performance of the matrix multiplication application (Number of MPI processes = 64)
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Fig. 7. Speedup of the matrix multiplication application (Matrix size = 5184x5184

For the matrix multiplication, the graphs show very close performance
characteristics in all the differehardware/VM configurations. As we expected, the
baremetal has the best performance and the speedup values, compared to the VM
configurations (apart from the region close to the matrix size of 4096x4096 where the
VM perform better than the bametal. We hve performed multiple tests at this
point, and found that it is a due to cache performances of thenedat node). After
the baremetal, the next best performance and spgesiare recorded in the case of 1
VM per baremetal node configuration, in whig¢he performance difference is mainly
due to the overhead induced by the virtualization. However, as we increase the



number of VMs per barmetal node, the overhead increases. At the 81 processes, 8
VMs per node configuration shows about a 34% decreaspdadup compared to
the baremetal results.
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Fig. 8. Performance of Kmeans clustering (Number of MPI Processes = 128 )
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In Kmeans clustering, the effect of virtualized resources is much clearer than in
the case of the matrix multiplication. All VM configurations show a lower
performance compared to the bametal configuration. In this application, the
amount of data transferred between MPI processes is extremely low compared to the
amount of data processed by each MPI process, and also, in relation to the amount of
computatios performed. Fig9 and Fig 11 show the total overhead and the parallel
overhead for Kmeans clustering under different VM configurations. From these two
calculations, we found that, for VM configurations, the overheads are extréarggy
for data set sizs of less than 10 million points, for which the baretal overhead
remains less than 1 (<1 for all the cases). For larger data sets such as 40 million
points, all overheads reached less than 0.5. The slower -speed the VM
configurations (shown in Bi 10) is due to the use of a smaller data set (~800K
points) to calculate the speegs. The overheads are extremely large for this region
of the data sizes, and hence, it resulted in lower sppsdor the VMs.

Concurrent wave equation splits a numbepoints into a set of parallel processes,
and each parallel process updates its portion of the points in some number of steps.
An increase in the number of points increases the amount of the computations
performed. Since we fixed the number of steps mictv the points are updated, we
obtained a constant amount of communication in all the test cases, resulting in a C/C
ratio of O(1/n). In this application also, the difference in performance between the
VMs and the barenetal version is clearer, and akthighest grain size the total
overhead of 8/Ms per node is about 7 times higher than the overhead of the bare
metal configuration. The performance differences between the different VM
configurations become smaller with the increase in grain size.

From the above experimental results, we can see that the applications with lower
C/C ratios experience a slower performance in virtualized resources. When the
amount of data transferred between MPI processes is large, as in the case of the
matrix multiplication,the application is more susceptible to the bandwidth than the
latency. From the performance results of the matrix multiplication, we can see that the
virtualization has not affected the bandwidth considerably. However, all the other
results show that theiralization has caused considerable latencies for parallel
applications, especially with smaller data transfer requirements. The effect on latency
increases as we use more VMs in a baetal node.

According to the Xen pardirtualization architecturg6], domUs (VMs that run on
top of Xen paravirtualization) are not capable of performing 1/O operations by
themselves. Instead, they communicate withmO (privileged OS) via an event
channel (interrupts) and the shared memeamyd then thelomO performs the I/O
operations on behalf of thdomUs. Although the data is not copied betwaEmUs
and domO0,the domOneeds to schedule the 1/0O operations on behalf ofitimeUs.

Fig. 14(top) andFig. 14 (botton) shows this behavior in-¥YM per node and 8/Ms
per node configurations we used.
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Fig. 14. Communication between dom0 and domU whe¥M per node is deployeddp).
Communication between dom0O and domUs wh&f\& per node are deployelddtton).

In all the almve parallel applications we tested, the timing figures measured
correspond to the time for computation and communication inside the applications.
Therefore, all the 1/O operations performed by the applications are network
dependent. From Figl4 (botton), it is clear thatDomO needs to handle 8 event
channels when there areVB/1 instances deployed on a single banetal node.
Although the 8 MPI processes run on a single dmae¢al node, since they are in
different virtualized resources, each of them caly asommunicate viedDomQ This
explains the higher overhead in our results fofN8s per node configuration. The
architecture reveals another important feature as-wéflat is, in the case of-\tM

per node configuration, when multiple processes (MPltloerd that run in the same

VM communicate with each other via the network, all the communications must be
scheduled by thdomQ This results higher latencies. We could verify this by running
the above tests with LAM MPI (a predecessor of OpenMPI, whads chot have
improved support for imode communications for multiore nodes). Our results
indicate that, with LAM MPI, the worst performance for all the test occurred when 1
VM per node is used. For example, Fib shows the performance of Kmeans
clusering under barenetal, VM, and 8VMs per node configurations. This
observation suggests that, when using VMs with multiple CPUs allocated to each of
them for parallel processing, it is better to utilize parallel runtimes, which have better
support for n-node communication.



Fig. 15. LAM vs. OpenMPI (OMPI) under different VM configurations

7 Conclusions and Future Work

From all the experiments we have conducted and the results obtained, we can come to
the following conclusions on perforng parallel computing using cloud and cloud
technologies.

Cloud technologies work well for most pleasinglgrallel problems. Their support
for handling large data sets, the concept of moving computation to data, and the better
quality of services provideduch as fault tolerance and monitoring, simplify the
implementation details of such problems over the traditional systems.

Although cloud technologies provide better quality of services such fault tolerance
and monitoring, their overheads are extremely high for parallel applications that
require complex communicatiopatternsand even with drge data setand these
overheads limit the usage of cloud technologies for such applicationsay be
possible to find mor e ficloud friendlybo par all
applicationsby adopting more coarse grained tasita decomposition strategiaad
different parallel algorithmsHowever,for otherapplications the sheer performance
of MPI styleparallelruntimes is still desirable.

Enhanced MapReduce runtimes such as ®lpReduce allows iterative style
applications to utilize the MapReduce programming model, while incurring minimal
overheadsompared to the other runtimes such as Hadoop and Dryad.

Handling large data sets using cloud technologies on cloud resources is an area
that needs more research. Most cloud technologies support the concept of moving
computation to data where the paraltebks access data stored in local disks.
Currently, it is not clear to us how this approach would work well with the VM
instances that are leased only for the duration of use. A possible approach is to stage
the original data in high performance parafild systems or Amazon S3 type storage
services, and then move to the VMs each time they are leased to perform
computations.

MPI applications that are sensitive to latencies experience mode+aitgher
overheads when performed on cloud resources, @k thverheads increase as the
number of VMs per barbardware node increases. For example, in Kmeans
clustering, 1VM per node shows a minimum of 8% total overhead, whiléV& per



