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Abstract
We present our experiences in applying, developing, and evaluating cloud and cloud
technologies. First, we present our experience in applying Hadoop and_IN¢atb a series of
data/compue intensive applications and then compare them with a novel MapReduce runtime
developed by us, named C@llapRedue, and MPI Preliminary applicationare developed for
particle physics, bioinformatics, clustey, and matrix multiplicationWe identify thebasic
execution units of the MapReduce programming model and categorize the runtimes according to
their characteristics. MPI versions of the applications are used where the contrast in performance
needs to be highlighted. We discuss the application stei@nd their mapping to parallel

architectures of different types, and look at the performance of these applications. Next, we

present a performance analysisVIPI parallel applications on virtualized resources.
1. Introduction

Cloud and cloud technologiese two broad categories of technologies related to the general
notion of Cloud Computing. By ACl oud, 0o we ref
as Infrastructur@saservice (laaS), PlatforrasaService (PaaS), etc., provided by various

oorgani zations where wvirtualization plays a k¢



various cloud runtimes such as Had@o®F, core, 2009) Dryad (Isard, Budiu et al. 20073and

other MapRedud®ean and Ghemawat 2008yameworls, and also the storage and
communication frameworks such as Hadoop Distributed File System (HDFS), Amazon
S3Amazon 2009)etc.

The introduction of commercial cloud infrastructure services such as Am&LC?2
GoGridServePath 2009)and ElasticHos{&lasticHosts 2009has allowed users to provision
compute clusters fairly easily and quickly, by payamgionetary valuéor the duration of their
usages of the resources. The provisioning of resources happens in minutes, as opposed to the
hours and days required in the case of traditional gbased job scheduling systems. In
addition, the use of such tualized resources allows the user to completely customize the
Virtual Machine (VM) images and use them with root/administrative privileges, another feature
that is hard to achieve with traditional infrastructures. The availability of open source cloud
infrastucture software such as Nimlfiieahey, Foster et al. 2008nd Eucalyptu®Nurmi,
Wolski et al. 2009) and the open source virtualization software stacks such as Xen
Hyperviso(Barham, Dragovic et al. 20Q3nllows organizations to build private clouds to
improve the resource utilization of the available computation facilities. pdssibility of
dynamically provisioning additional resources by leasing from commercial cloud infrastructures
makes the use of private clouds more promising.

Among the many applications which benefit from cloud and cloud technologies, the
data/compute intesive applications are the most important. The deluge of data and the highly
compute intensive applications found in many domains sagparticle physics, biology,
chemistry, finance, and information retrieval, mandate the use of large computingunftass

and parallel processing to achieve considerable performance gains in analyzing data. The



addition of cloud technologies creates new trends in performing parallel computng. A
employee in a publishing company who needs to convert a documentionlléetabytes in

size, to a different format can do so by implementing a MapReduce computation using Hadoop,

and running it on leased resources from Amazon EC2 in just few hours. A scientist who needs to
process a collection of gesequencesising CAP3Huang and Madan 1998pftware can use
virtualized resources |l eased from the univer:
these use cases, the amount of coding that the publiaberd and the scientist need to perform

is minimal (as each user simply needs to implementa@ function), and the MapReduce
infrastructure handles many aspects of the parallelism.

Although the above examples are successful use cases for applying chbucload
technologies for parallel applications, through our research, we have found that there are
limitations in using current cloud technologies for parallel applications that require complex
communication patterns or require faster communication mesthaniFor example, Hadoop and
Dryad implementations of Kmeans clustering applications which perforteratively refining
clustering operation, show higher overheads compared to implementations of MPI er CGL
MapReduce(Ekanayake, Pallickara et al. 2008)a streamingpased MapReduce runtime
developed by us. These observations raise questions: What applications are best handled by
cloud technologies? What overheads do they introddce%here any alternative approaches?
Can we use traditional parallel runtimes such as MPI in cloud? If so, what overheads does it
have? These are some of the questions we try to answer through our research.

In section 1, we give a brief introduction tife cloud technologiesand in section 2, &
discuss with examples the basic functionabtypported by these cloud runtimesection 3

discusses how tketechnologiesnapinto programming modeld3Ve describe the applications



used to evaluate and testheologiesn section 4 The performance results are in sectionnb.
section6, we present details of an analysis we have performed to understand the performance
implications of virtualized resources for paral#P| applicationsNotethatwe useMPI running

on non virtual machinem section 5for comparson with cloud technologiesWe presenbur

conclusions in section

2. Cloud Technologies

The cloud technologiesuch as MapReduce and Dryad have created new trends in parallel
programming.The support fo handling large data sets, the concept of moving computation to
data, and the better quality of services providedhieycloud technologies make théavorable
choice of technologies ®olvelarge scale data/compute intensive problems.

The granularity bthe parallel tasks in these programming models lies in between the fine
grained parallel tasks that are used in messagengasérastructures such as P\(Dbngarra,

Geist et al. 1993and MP(Forum n.d.); and the coarse grained jolmsworkflow frameworks

such as KepléLudscher, Altintas et al. 200@nd TaverngHull, Wolstencroft et al. 2006)n

which the individual tasks could themselves be parallel applications written in MPI. Unlike the
various communication constructs available in MPI which can betaosadate a wide varietyf
communication topol ogies for pa>raelduecle opriosgrtahm
communication construct available. However, our experience shows thatcomgbsable
applicationscan easily be implemented using tMapReduce programming model. Dryad

supports parallel applications that resemble Directed Acyclic Graphs (DAGs) in which the
vertices represent computation units, and the edges represent communication channels between
different computation units.

In traditonal approaches, once parallel applications are developed, they are executed on



compute clusters, super computess,Grid infrastructuregFoster 2001) where the focus on
allocating resources is heavily biased by the availability of compo&dtpower. The application

and the data both need to be moved to the available computagenalcan order for them to

be executed. Thesefrastructuresare highly efficient in performing compute intensive parallel
applications. However, when the uales of data accessed by an application increases, the
overall efficiency decreases due to the inevitable data movement. Cloud technologies such as
Google MapReduce, ddgle File System (GFS}shemawat, Gobioff et al. 2003jadoop and
Hadoop Distributed File System (HDFS), Microsoft Dryad, and @@&pReduce adopt a more
datacentered approach to parallel runtimes. In these frameworks, the data is staged in
data/compute nodes of clusteor largescale data centers, such as in the case of Google. The
computations move to the data in ordep&sformthe data processing. Distributed file systems

such as GFS and HDFS allow Google MapReduce and Hadoop to access data via distributed
storagesystems built on heterogeneous compute nodes, while Dryad andvVid@Reduce
support reading data from local disks. The simplicity in the programming model enables better

support for quality of services such as fault tolerance and monitoring.

2.1Hadoop

Apacle Hadoop has a similar architecture to
accesses data via HDF8hich maps all the local disks of the compute nodes to a single file
system hierarchy, allowing the data to be dispees®dssall the data/computing nodeDFS
also replicates the data on multiple nodes so that failures of any nodes containing a portion of the
data will not affect the computations which use that data. Hadoop schedules the MapReduce
computation tasks depending on the data locality, impgote overall 1/0O bandwidth. The

outputs of themaptasks are first stored in local disks until later, whenrdtkicetasks access



them (pull) via HTTP connectionsAlthough tis approach simplifies the fault handling
mechanismin Hadoop, itaddsa significant communication overhead to the intermediate data

transfers, especially for applications that produce small intermediate fesgitently

2.2Dryad and DryadLINQ

Dryad is a distributed execution engine for coarse grain data parallel applications. It
combines the MapReduce programming style with dataflow graphs to solve the computation
tasks. Dryad considers computation tasks as directed acyclic graph (DAG)s éherstices
represent computation tasks and with the edges acting as communication channels over which
the data flow from one vertex to another. The data is stored in (or partitioned to) local disks via
the Windows shared directories and medgta files and Dryad schedules the execution of
vertices depending on the data locality. (Note: The academic releaseadf @y exposes the
DryadLINQ (Y.Yu, Isard et al. 2008API for programmers. Thiefore, all our implementations
are written using DryadLINQ although uses Dryad ashe underlying runtime). Dryad also
stores the output of vertices in local disks, and the other vertices which depend on these results,
access them via the shared diogiets. This enables Dryad to-esecute failed vertices, a step

which improves the fault tolerance in the programming model.

2.3CGL-MapReduce

CGL-MapReduce is a lighweight MapReduce runtime that incorporates several
improvements to the MapReduce programmmgdel such as(i) faster intermediate data
transfer via a pub/sub broker network; (ii) support for long runniag/reducdaasks; and (iii)
efficient support for iterative MapReduce computations. The architecture of\GpReduce is

shown infigure 1 (Left).
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Figure 1 (Left) Components of the CGMapReduce.(Right) Different synchronization and intercommunication
mechanisms used by the parallel runtimes.

exchange/
synchronization

The use of streaming enables G@llapReduce to send the intermediate results directly from
its producers to its consumers, and eliminates the overhead of the file based communication
mechanisms adopted by both Hadoop and Dryad. The support for long romaphgducdasks
enables configuring and -tesing of map/reducetasks in the case of iterative MapReduce
computations, and eliminates the need for theorgiguring or the rdoading of static data in

each iteration. This feature comes with the distimctioo f

fistatic datao and

that we support in CGIMapReduce. We refer to any data set which is static throughout the

computation as fAstatic data, o and the data t

data. 0 Al t ho wghreldvdni tethedMiapgRéeduce computations that have only one

map phase followed by aeducephase, it is extremely important for iterative MapReduce
computations, in which the map tasks need to access a static (fixed) data again amkigagain.
1 (Right) highlights the synchronization and communication characteristics of Hadoop, Dryad,
CGL-MapReduce, and MPI.

Additionally, CGL-MapReduce supports the distribution of smaller variable data sets to all

the maptasks directly, a functionality similar #dPl_Bcast()that is often found to be useful



many data analysis applications. Hadoop provides a similar feature via its distributed cache, in
which a file or data is copied to all the compute nodes. Dryad provides a similar feature by
allowing applications to add resources (files) which will be agbesto all the vertices. With

the above features in place, C®apReduce can be used to implement iterative MapReduce
computations efficiently. In CGMapReduce, the data partitioning and distribution is left to the
users to handle, and it reads datarfrehared file systems or local disks. Although the use of
streaming makes CGMapReduce highly efficient, implementing fault tolerance with this
approach is not as straightforward as it is in Hadoop or Dryad. We plan to implement fault
tolerance in CGlMapReduce by reexecuting failedmap tasks and redundant execution of

reducetasks

2.4MPI

MPI, the defacto standard for parallel programming, is a langtiagependent
communications protocol that uses a mesgmgsing paradigm to share the data and state
among a set of cooperative processes running on a distributed gneystem. MPI specification
(Forum, MP) defines a set of routines to support various parallel programming models such as
point-to-point communication, collective communication, derived dgfses, and parallel /O
operations.

Most MPI runtimes are deployed in computation clusters where a set of compute nodes are
connected via a highpeed network connection yielding very low communication latencies
(typically in microseconds). MPI processipically have a direct mapping to the available
processors in a compute cluster or to the processor cores in the case-ocbraudistemsWe
use MPI as the baseline performance measure for the various algorithms that are used to evaluate

the different parallel programming runtimeslable1l summarizeshe different characteristics of



Hadoop, Dryad, CGIMapReduce, and MPI

Table 1.Comparison of features supported by diffenagutallel programming runtimes

Feature Hadoop Dryad CGL-MapReduce MPI
Programming MapReduce DAG based execution MapReduce with a Variety of
Model flows Combinephase topologies
constructed using
the rich set of
parallel
constructs
Data Handling HDFS Shared directories/ Shared file system / Sharedile
Local disks Local disks systems
Intermediate HDFS/ Files/TCP pipes/ Content Distribution Low latency
Data Pointto-point via Shared memory FIFO  Network communication
Communication HTTP (NaradaBrokering channels
(Pallickara and Fox
2003) )
Scheduling Data locality/ Data locality/ Network Data locality Available
Rack aware topology based run processing
time graph capabilities
optimizations
Failure Persistence via HDFS Re-execution of Currently not Program level
Handling Re-execution of map vertices implemented Check pointing
and reduce tasks (Re-executing map tasks OpenMPI
redundant reduce tasks) (Gabriel E,
G.E. Fagg, et
al.2009, FT
MPI
Monitoring Monitoring support of Monitoring support for Programmingnterface  Minimal support
HDFS, Monitoring execution graphs to monitor the progress for task level
MapReduce of jobs monitoring
computations
Language Implemented using Programmable via C# Implemened using Java C, C++, Fortran,
Support Java. Other language: DryadLINQ provides  Other languages are Java, C#

are supported via

Hadoop Streaming

LINQ programming
API for Dryad

supported via Java
wrappers

3. Programming models

When analyzing applications written in the MapReduce programming model, we can identify

three basic execution units wiz: (i) maply; (i) mapreduce; and (iii) iterativenapreduce.

Complex applications can be built by combining these three basic executits under the

MapReduce programming moddlable 2shows the data/computation flow of these three basic

execution units, along with examples.
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Table 2. Three basic execution units under the MapReduce programming model

Map-only Map-reduce Iterativemapreduce
input input input
map() \
L }u tout reduce() reduce()
4 4
output output

Cap3 Analysis (we will discuss more  HEP data analysis (waill Expectation maximization
about this later) discuss more about this latel algorithms
Converting a collection of documents t Histogrammingoperations, = Kmeans clustering
different formats, processing a collectic distributed search, and Matrix multiplication
of medical images, and brute force distributed sorting
searches in cryptography Information retrieval

Parametric sweeps

In the MapReduce programming model, the tasks that are being executed at a given phase
have similar executables and similar input and output operations. Withretkroetasks, the
MapReduce model reducestoarmap | v mod el whi ch c abarrasgnghappl i e
parall el o applications. S o fCondo#Qoredor 200% Fakkans s u c t
(Raicu, Zhao et al. 2007and SWARM (Pallickara and Pierce 2008l provide similar
functiondity by scheduling large numbers of individual maps/jobs. Applications which can
utilize a fAireductiono or an Aaggregationod ope
and, depending on the fAassociati vi apgrationand 0t
multiple reduction phases can be applied to enhance the parallelism. For example, in a
histogramming operation, the partial histograms can be combined in any order and in any
number of steps to produce a final histogram.

The fAsi de -nauref o the MapRedueeoprogramming model does not promote
iterative MapReduce computations. Eactap and reduce tasks are considered as atomic
execution units with no state shared in between executions. In parallel runtimes such as those of

the MPI, theparallel execution unitBve throughout the entire life of the program; hence, the
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stateof a parallel execution undan be shared across/ocations We propose an intermediate
approach to develop MapReduce computations. In our approacimathleeduceasks are still
considered side effeftee, but the runtime allows configuring andusage of thenap/reduce

tasks. Once configured, the runtime cachesithp/reduceaasks. This way, botmapandreduce

tasks can keep the static data in memory, and can be called iteratively without loading the static
data repeatedly.

Hadoop supegrts configuring the number oéducetasks, which enables the user to create
Amaopn | y o appl i c atredacetasks bladoop cam be gised te imglement iterative
MapReduce computations, but the framework does not provide additional support to implement
them efficiently.The CGL-MapReduce supports all the above three execution units, and the user
can develop applicationsitiv multiple stages of MapReduce by combining them in any order.
Dryad execution graphs resembling the above three basic units can be generated using
DryadLINQ operations. DryadLINQ adds the LINQ programming features to Dryad where the
user can implementavious data analysis applications using LIN@eries which will be
translated to Dryad execution graphs by the compiler. However, unlike in the MapReduce model,
Dryad allows the concurrent vertices to have different behaviors and different input/output
characteristics, thus enabling a more workflow style programming model. Dryad also allows
multiple communication channels in between different vertices of the data flow graph.
Programming laguages such as Swazg@tike, Dorward et al. 2005)ntroduced by Google for
its MapReduce runtimesnables high level language support for expressing MapReduce
computationsand the PigASF, pig, 2009)available a a sub project of Hadoop, allowsery
operations on large data sets.

Apart from these programming models, there are other software frameworks that one can use
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to perform data/comyie intensive analyses. Dis@dokia 2009)is an open source MapReduce
runtime developed using a functional programgnlanguage named Erlar(&ricsson 2009)

Disco architecture shares clear similarities with both the Google and the Hadoop MapReduc
architectures. Spher@&u and Grossman 20095 a framework which can besed to execute
userdefined functionsn parallelon data stored in a storage framework named Sector. Sphere
can also perform MapReduce style programs, and the authors compare the performance with
Hadoop for terasortapplication. AltPairs(Moretti, Bui et al.2009)is an abstraction that can be
used to solve the common profleof 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 Hadoop and Dryad as well, and we discuss a similar probleettion4.4. We canalso
develop an efficient iterative MapReduce implementation using-@&@hReduce to solve this
problem. The algorithm is similar to the matrix multiplication algorithm that we will explain in
section4.3.

MPI and threads are two other programming models tmatbe used to implement parallel
applications. MPI can be used to develop parallel applications in distributed memory
architectures whereas threads can be used in shared memory architectures, especially in multi
core nodes. The low level communication ¢onds available in MPI allows users to develop
parallel applications with various communication topologies involving fine grained parallel
tasks. The use of low latency network connections between nodes enables applications to
perform large number of intéask communications. In contrast, the next generation parallel
runtimes such as MapReduce and Dryadvide small number of parallel constructs such as
Amaopn | y 0 ;r efima e 0, NRnSel ect o0, AAppl yo, AJoi no et

communicabn channels. These constraints require adopting parallel algorithms which perform
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coarse grained parallel tasks and lsm®simunication The use of threads is a natural approach in

shared memory architectures, where communication between parallalethstessto the simple
sharing of pointers via the shared memory. H
level threads plays a major role in achieving better performances usingthmediied

applications. We will discuss the issues in using thraadsMPI in more detail isection5.4.2

4. Data Analyses Applications

4.1 CAP3i Sequence Assembly Program

CAP3 is a DNA sequence assembly program developed by Harahdladan (1999hat
performs several major assembly stepese steps include computatiorowkrlaps, construction
of contigs, construction of multiple sequence alignments, and generation of consensus sequences
to a given set of gene sequenddse program reads a collection of gene sequences from an input
file (FASTA file format) and writes it®utput to several output files, as well as the standard
output (as shown below).

Input.fsa-> CAP3-> Stdout + Other output files

The program structure of thionapgpl ibaast icore xfe
unit, as shown iMmable 2.We imgdemented a parallel version of CAP3 using Hadoop, €GL
MapReduce, and DrgalNQ. Eachmap task in Hadoop and in CGMapReduce calls the
CAP3executable as a separate process fompa giv
task),whereagn Dryad.lINQ, a fihomomor phi c A pQAP3execualpeson at i on
each data file in its data partition as a separate process. All the implementations move the output
files to a predefined shared directory. This application resembles a common paraltelizatio

requirement, where an executable script, or a function in a special framework such as Matlab or
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R, needs to be executed on each input data item. The above approach can be used to implement

all these types of applications using any of the above threenest

4.2 High Energy Physics

Next, we applied the MapReduce technique to parallelize a High Energy Physics (HEP) data
analysis application, and implemented it using Hadoop, -®apReduce, and Dryad. The HEP
data analysis application processes large volumedatd, and performs a histogramming
operation on a collection of event files produced by HEP experiments. The details regarding the
two MapReduce implementations and the challenges we faced in implementing them can be
found in (Ekanayake, Pallickara et &008) In the Dryad.INQ implementation, the input data
files are first distributed among the nodes of the cluster manually. We developed a tool to
perform the manual partitioningnd distributionof the data The names of the data files
available in a given node were used as the data to the IDN@dprogram. Using a
homomorphic AApplyd operation, we executed a
files in all the nodes. Theutput histograms of this operation were written to adafned
shared directory. Next, we used another HAAppl

a single histogram using DryaliNQ.

4.3 lterative MapReducé Kmeans Clustering and Matrix Multiplkcation

Parallel applications thatreimplemented using message passing runticaesitilize various
communication constructs to build diverse communication topologies. For example, a matrix
multiplication application that impleemtsFox's Algorithm (Fox ad Hey, 1987) an€a nnon & s
Algorithm (Johnsson, Harris et al. 19883sumes parallel processes to be in a rectangular grid.
Each parallel process in the grid communicates with its left and top nesgidbshowm figure

2 (left). The current cloud runtimes, which are based on data flow models such as MapReduce
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and Dryad, do not support this behavior, in which the peer nodes communicate with each other.
Therefore, implementing the above type of palalgplications using MapReduce or

DryadLINQ requires adopting different algorithms.
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Figure2. (Left) Thé communi cati on t'opol ogy of Cannonds Alg
Communication topology of matrix multiplication application based/apReduce, and (right) Communication
topology of Kmeans Clustering implemented as a MapReduce application.

We have implemented matrix multiplication applications using Hadoop and- CGL
MapReduce by adopting a row/column decomposition approach to splitatineas. To clarify
our algorithm, |l etds consider an example wher
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. la&h iteration, all thenaptasksprocesdwo inputs: (i) a
column block of matrix B, and (ii) a row block of matrix A; collectively, they produce a row
block of the resultant matrix C. The column block associated with a partioalatask is fixed
througlout the computation, while the row blocks are changed in each iteration. However, in
Hadoopds programming model (a typical Map Red
behavior. Hence, it loads both the column block and the row block in each neoéttbe
computation. CGtMapReduce supports the notion of long runningp/reducetasks where
these tasks are allowed to retain static data in the memory across invocations, yielding better

performance for Al terative Ma ptiere patiecneod thix o mp u t
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application is showm figure 2 (middle).

Kmeans clusteringMacqueen 1967 another application that performs iteratively refining
computdion. We also implemented Kmeans clustering applications using Hadoop; CGL
MapReduce, and Dry&atNQ. In the two MapReduce implementations, eaptask calculates
the distances between all the data elements in its data partition, to all the clusterpredisred
during the previous run. It then assigns data points to these cluster centers, based on their
Euclidian distances. The communication topology of this algorithm is shoWwguire 2 (right).
Eachmaptask produces partial cluster centers astitput;these aréhen combined areduce
taskto produce the current cluster centers. These current cluster centers are used in the next
iteration, to find the next set of cluster centers. This process continues until the overall distance
between the auent cluster centers and the previous cluster centers, reduces below a predefined
threshold. The Hadoop implementation uses a new MapReduce computation for each iteration
of the program, while CGIMa p Re d u c e 6 s nhap/redycetasks ralfowsnitgto reise
map/reduce tasks. The DryadLINQ implementation uses various DryadLINQ operations such as
AAppl yodo, AGroupByo, fASumo, AMaxo, and AJoino

DryadLI NQds #fAl oop unrollingoasasipgetamgdegyt o per f o

4.4 ALU Sequencing Studies

4.4.1 ALU Clustering

The ALU clustering problem (Batzexand Deininger 2002) is one of the most challenging
problens for sequencelustering because ALUs represent the largest repeat families in human
genome. There are about 1 million copies of ALU sequences in human genome, in which most
insertions can be found in other primates and only a small fraction () a06® humasspecific

This indicates that the classification of ALU repeats can be deduced solely from the 1 million



17

human ALU elements. Notable, ALU clustering can be viewed as a classical case study for the
capacity of computational infrastructures because it is not onlgrext intrinsic biological
interests, but also a problem of a scale that will remain as the upper limit of many other
clustering problem in bioinformatics for the next few years, e.g. the automated protein family
classification for a few millions of prates predicted from large metagenomics projects.
4.4.2 Smith Waterman Dissimilarities

We identified samples of thdwuman and Chimpanzee ALUgene sequences using
Repeatmasker (Smitand Hubley 2004) with Repbase Updatéuika 2000). We have been
gradually increasing the size of our projects with the cutergestsampls having 3533%nd
50000sequences aritteserequire a modest cluster such as Tempest (768 cdoegrocessing
in a reasonable time (a few hows shown irsection $. Note from the discussiom section
4.4.1, we are aiming at supporting problems with a million sequenrcgsite practical today on

TeraGrid and equivalent facilities given basic analysis steps scale Iikze.O(N

We used open source versiiligner (Smith Waterman Softway®f the Smith Waterman
T Gotoh algorithm SWWG (Smith, Waterman et al 1981; Gotoh, 1982) modified to ensure low
start up effects by each thread/processing large numbers (above a few hundred) at a time.
Memory bandwidth neextl was reduced by storing data items in as few bytes as possible.
4.4.3 The O(N) Factor of 2 and structure of processing algorithm

The ALU sequeriag problemshows a well known factor of 2 issue present in many*D(N
parallel algorithms such as those in direct simulations of astrophysical stems. We initially
calculate in parallethe Distance D(i,j) between points (sequences) i andhjs is done in
parallel over all processor nodes selecting criteria (of j > i for upper triangular cas¢y avoid

calculating both D(i,j) and the identical D(j,i). This can require substantial file transfer as it is
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unlikely that nodes requiring D(i,j) in a later step will find that it was calculated on nodes where
it is needed.

For example the MDS and PW (PairWise) Clustering algorithms described in Fox, Bae et al.
(2008), require a parallel decomposition where each of N processes (MPI processes, threads) has
1/N of sequences and for this subset {i} of sequences stores inrn®&{qd,j) for all sequences
] and the subset {i} of sequences for which this node is responsible. This implies that we need D
@i,)) and D (j,i) (which are equal) stored in different processors/disks. This is a well known
collective operation in MPI catl either gather or scatter.

4.4.4 Dryad Implementation

We developed a DryadLINQ application to perform the calculation of pairwiseGSW
distances for a given set of genes by adopting a coarse grain task decomposition approach which
requires minimum inteproces communication to ameliorate the higher communication and
synchronization costs of the parallel runti me
where N gene sequences produces a pairwise distance matrix of size NxN. We decompose the
computaton task by considering the resultant matrix and groups the overall computation into a
block matrix of size DxD where D is a multiple (>2) of the available computation nodes. Due to
the symmetry of the distances D(i,j) and D(j,i) we only calculate thendissain the blocks of
the upper triangle of the block matrix as showfigare 3 (left). The blocks in the upper triangle
are partitioned (assigned) to the availabl e
execute a function to calculate (N/D)D) distances in each block. After computing the
distances in each block, the function calculates the transpose matrix of the result matrix which
corresponds to a block in the lower triangle, and writes both these matrices into two output files

in the loal file system. The names of these files and their block numbers are communicated back
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to the main program. The main program sort tlesfbased on their block numbemnd performs
another AAppl yo oper at i oingtotaoow of bookbim ansmgletlange f i | e

row block as shown in thiggure 3 (right).

Upper triangle
0 1 D-1
Blocks in upper tnangle
0 0 1 D-1
(0,d-1) (d,2d-1) ((D-1)d,Dd-1) 0 2 DD 1
(0,8-1) (0,0-1) (0,d-1) DryadLINQ
vertices
1 D D+1
(0.d-1) (d.2d-1) L

(d,2d-1) (d,2d-1)
1T ol

]
S File /O File I/0y File I/O
\(%/5/ DryadLINQ \C_?:_/B/
- D-1 vertices

Blocks in lower tirangle
are not calculated ‘rirectly 5331313333 |

J
Each D consecative blocks are merged to form a
NxN matrix broken down to DxD blocks set of row blocks each with NxD elements

D-1

Figure3. Task decomposition (left) and the DryadLINQ vertex hierarchy (right) of the DryadLINQ implementation
of SW-G pairwise distance calculation application.

4.4.5 MPI Implementation

The MPIlversionof SW-G calculates pairwise distancesngsa set ofeither single or multi
threadedprocesss For N gene sequences, weed to compute halff aghe valuegin the lower
triangular matriy, which is a total oM = N x (N-1) /2 distancesAt a high level,computation
tasks are evenly divideamongP processesand execute in paralleNamely, computation
workload per process M/P. At a low level, each computation task can be further divided into
subgroups and run i concurrent threadsOur implementation is designed for flexible use of
shared memory multicore system and distributed memory clusters (tight to medium tight coupled
communication technologies such threading and MRF®.provide options for any combinations
of thread vs. proas vs. node as shownfigure 4. Thereal computation workload per parallel

unit is deidedby M/ (T x P x# nodes)
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Figured. Task decomposition (left) and tMP1 (right) implementation of SWG pairwise distance calculation
application.

As illustrated infigure 4, the datad e c o mp o s i t i o nspace filliagtcernggyhrough n s a
lower triangular matrig to produce equal numbers of pairs for each parallel unit such as process
or thread.lt is necessary tonap indexesin each pairs grougpack to correspondingmatrix
coordinates(i, j) for constructing full matrix later anWe implemented apecial function
"PairEnumertatdrasthe convertor We tried to limit runtime memory usage for performance
optimization. This is donby writing a triple of i j, anddistancevalue ofpairwise alignmento a
stream writerand the system fehes accumulated results to a local file periodic&llthe final

stage, individual files are merged to form a full distance matrix.

5. Evaluations

5.1Introduction

For our evaluations, wased hree ompute clustey (details are showin Table 3)with two
32-node clusters have almost identibardware configurationsndonelatest 32node cluster of
24 core machinewith Infiniband connectionsDryad.INQ and the MPI application that
performs SWG computationwere run on the Windows cluster (Ref, BRef Q, while the

Hadoop, CGEMapReduceand othemPI applicationswere run on the Linux cluster (Ref A).
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We measured the performance of these applicationsprasentthe results in terms of parallel
overhead defined for Parallelism P by

f(P) =[P* T(P)T T(1)]/T(1) 1)
whereP denotegparallelism(e.g. processes, threadsiaptaskg used, and T denotes time as a
function of the number of pdtel processes used. Tj(is replaced in practice by($) where S is
the smallesnumber of processes that can rilme job. We used Hadoop release 0.20, the

academic release of DryadLINQ, Microsoft MPI, and OpenMPI version2 if@&. our

evaluations.
Table3. Different computation clusters used for the analyses

Feature Linux Cluster (Ref A) Windows Cluster (Ref B) Windows Cluster (Ref C)

# Node 32 32 32

CPU Intel(R) Xeon(R) CPWL5420 Intel(R) Xeon(R) Intel(R) Xeon(R) CPLWE7450
2.50GHz CPUL5420 2.50GHz 2.40GHz

#CPU/# 2/8 2/8 4/24

Cores

Total Cores 256 256 768

Memory 32GB 16 GB 48 GB

Disk 1 Disk of Western Digital 2 Disks of 1000GB (1TB) 2 HP 146GB 10K 2.5 SAS HF
Caviar RE 160 GB SATA 7200 Ultrastar A7K1000 7200 SP HDD

Network Giga bit Ethernet Giga bit Ethernet 20 Gbps Infiniband

Operating Red Hat Enterprise Linux Windows Server Enterprise  Windows Server 2008 HPC

System Server release 5-:3%4 bit 64 bit Edition (Service Pack 1)

5.2The CAP3and Particle Physics Case Studies

The resultof our performance measurements f0AP3 and Particle Physics are shown in

figures 5-8.
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Figure 5. Performance of theCAP3 application i Figure 6. Performance of the HEP data analy
average time (in seconds) against the number of ( application i average time (in seconds) against 1

reads processed. amount of input data processed (in Giga bytes).
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Figure 7. Overhead induced by different para Figure 8. Overhead induced by different para
programming runtimes for the Kmeans Clusteri programming runtimes for the matrix multiplicatic
applicationi overhead against the number of 2D d applicationi overhead against the dimension of an in
points clustered (Note: Both axes are in log scale) matrix.

From these results, it is clearly euvidehat the cloud runtimes perform competitively well
for bot honlhyedo faMadpetdhue efoMapg yl e appl i cations.
the CGl:MapReduce and DryadNQ access inputatafrom local disks, where the data is
partitioned and disibuted beforehand. Currently, HDFS can be accessed using Java or C++
clients only, and the ROOIT data analysis framework developed at CERfterpretable scripts
are not capable of accessing data from HDFS. Therefore, we placed the input data iDatee |U
Capacitoni a high performance parallel file system based on the Lustre file system, which allows
eachmaptask in Hadoop to directly access data from this file system. The performance results
shows that this dynamic data moverhén the Hadoop imgimentationincurred considerable
overhead to the computation, while the ability of reading input data from local disks gave
significant performance improvement to both Driiy@lQ and CGl-MapReduce, as compared to

the Hadoop implementation.

5.3Kmeans and MatrixMultiplication Case Studies

For iterative class of applications, cloud runtimes show considerably high overheads,
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compared to the MRAnd CGLMapReducerersions of the same applications; theultsshown

in figures 7 and 8 imply that, for these types of applications, 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 the single process version). -M&hReduce shows a close
performancecloserto the MPI for large data sets in the case of Kmeans clustering and matrix
multiplication applications, an outcome which highlights the benefits gbastipg iterative

computations and the faster data communication mechanism present in thdap8educe.

5.4 ALU Sequence Analysis Case Study

5.4.1 Performance of Smith Waterman Gotoh-&WlIgorithm
We performed the Dryad and MPI implementations of ALU-SWistance calculations on

two large data setnd obtained the following results.

Table 4 Comparison of DryatNQ and MPI technologies oALU sequencing application with SW algorithm

Technology Total Time Time per Pair PartitionData Calculate and Merge files
(seconds) (milliseconds) (seconds) Output (seconds)
Distancgseconds)

Dryad 50,000 sequences 17200.413 0.0069 2.118 17104.979 93.316
35,339 sequences 8510.475  0.0068 2.716 8429.429 78.33

MPI 50,000 sequences 16588.741 0.0066 N/A 13997.681 2591.06
35,339 sequences 8138.314  0.0065 N/A 6909.214 1229.10

There is a short partitioning phase for DriydQ and then both approaches calculate the
distances and write out these to intermediate files as discussed in section 4. We note that merge
time is currently much longer for MPI than DrydNQ while the initial steps are significantly
faster for MPI. However the total times table 4 indicates that both MPI amtyad INQ
implementations perfornavell for this applicationwith MPI a few percent faster with current

implementationsAs expectedthe times scale proportionally to the square of the number of
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distances. On 744 cores the average time of 0.0067 milliseconds péngb@orresponds to
roughly 5 milliseconds per pair calculated per core u$bd. coarse grained Dryad application
performs competitively with the tight synchronized MPI application. firovesonce more the
applicability of the Cloud technologies for the composable applications.
5.4.2 Threadedmplementation

Above welooked at using MPI with one process per core and wegared this with a
threaded implementation witachprocesdhaving severabhreads.Labeling configuration asx
m x n for t threadsper processm MPI processepernode andh nodes, we compare choicestof

m and n in figureo.

Smith Waterman Gotoh Alignment Timings for 35339 Points

12497500 Alignments

Parallel Overhead
3

i

Il Il Il Il
Z Z %G 2 % 0 7 97 2% %
Harey 4,*&%,* ,*«& xa*? 5% »;a EACINAS
Parallel Patterns (Threads x MPI Processes x Nodes)

Figure9. Performance cALU Gene Alignments for different parallel patterns

The striking result for this step is that MPI easily outperforms the equivalent threaded version
of this embarrassingly parallel step. In figl@eall the peaks in the overhead correspond to
patterns with large values ofNote thatthe MPI intranode 1x24x32 pattern completes the full
624 billion alignments in 2.33 houis4.9 times faster than threaded implementation 24x1x32.
This 768 core MPIun has a parallel overhead of 1.43 corresponding to a speed up of 316.

The SWG alignment performance is probably dominated by memory bandwidth ,issuks
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we are pursuing several points that caafféctthis thoughit is not at our highest priority as SW

G is not the dominant step. We have tried to identify the reason for the comparative slowness of
threading. Using Windows monitoring tools, i@ind that the threaded version has about a
factor of 100 more context switchéhan inthe one thread per procegsl version This could

lead to a slow down dhethreaded approach and correspond to Windows handing of paging of

threads with large memory footprints.

6. The Performance of MPI on Clouds

After the previous observationsve analyzed the performance implications of cloud for
parallel applications implemented using MPI. Specifically, we were trying to find the overhead
of virtualized resources, and understand how applications with different communication
computation (QZ) ratios perform on cloud resources. We also evaluated different CPU core
assignment strategies for VMs, in order to understand the performance of VMs oitarailti

nodes.

Table5. Computation and the communication complexities of the different MPIcapiplins used.

Application Matrix multiplication Kmeans Clustering Concurrent Wave Equation
Description Il mpl ement s Implements Kmeans Clustering A vibrating string is
Algorithm Algorithm decomposed (split) into

points, and each MPI
Assume a rectangular A fixed number of iterationare  process is responsible for

process grid (figure-1 performed in each test updating the amplitude of a
left) number of points over time.
Grain size (n) The number of points in ¢ The number of data points Number of points handled

matrix block handled by handled by a single MPI proces by each MPI process
each MPI proess

Communication Each MPI process All MPI processes send partial In each iteration, each MPI
Pattern communicates with its  clusters to on®PI process process exchanges bounda

neighbors both row wise (rank 0). Rank O distribute the points with its nearest

and column wise new cluster centers to all the  neighbors

nodes
Computation per = 3 O ¢ 0 ¢
€
MPI process A ve )
H H = 2 o o

Communication o VE °) = O(n) 01 01

per MPI process
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CIC 1 . 1 .1

0 — U + U —

e € €
Message Size VE 2 =n ‘'O7 Where D is the number of Each message contains a
cluster centers. double value
OL ¢

Communication MPI_Sendrecv_replace() MPI_Reduce() MPI_Sendrecv()
routines used MPI_Bcast()

Commercial cloud infrastructures do not allow users to access the bare hardware nodes, in
which the VMs are deployed, a musve requirement for our analysis. Therefore, we used a
Eucalyptusbased cloud infrastructure deployed at our university for thedyais. With this
cloud infrastructure, we have complete access to both virtual machine instancts thad
underlying baremetal nodes, as well as the help of the administrators; as a result, we could
deploy different VM configurationsallocating diffeent 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
computation requirements, namely, (i) the Matrix multiplicati@h Kmeans clustering, and (iii)
the Concurrent Wave Equation solv&able5 highlights the key characteristics of the programs

that we used as benchmarks.

6.1 Benchmarks and Results

The Eucalyptus (version 1.4) infrastructure we used is deployed on 16 oioale 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 barmetal version, each node runs a Red Hat Enterprise Linux Server
release 5.2 (Tikanga) operating system. We useakdpeéversion 1.3.2 with gcc version 4.1.2.

We then created a VM image from this hardware configuration, so that we would have a similar
software environment on the VMs once they were deployed. The virtualization is based on the

Xen hypervisor (version 3.8). Both baremetal and virtualized resources utilized glga
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Ethernet connections.

When VMs are deployed using Eucalyptus, it allows us to configure the number of CPU
cores assigned to each VM image. For example, with 8 core systems, the CPU catieralloca
per VM can range from 8 cores to 1 core per VM, resulting in several different CPU core
assignment strategies. In an Amazon EC2 infrastructure, the standard ingpa@ncasty> a CPU
per VM instancéEvangelinos and Hill 2008)n the current version of Eucalyptus, the minimum
number of cores that we can assign & particular VM instance is 1; hence, we selected five

CPU core assignment strategies (including the-beetal test) listed ifable6.

Table6.Different hardware/virtual machine configurations used for our performance evaluations.

Ref Description Number of CPU cores  Amount of memory (GB) Number of virtual
accessible to the virtual accessible to the virtual o or baremetal
or baremetal node baremetal node nodes deployed
BM Baremetal node 8 32 16
1-VM-8-core 1 VM instance per 8 30 (2GB is reserved for 16
baremetal node Dom0)
2-VM-4- core 2 VM instances per 4 15 32
baremetal node
4-VM-2-core 4 VM instances per 2 7.5 64
baremetal node
8-VM-1-core 8 VM instances per 1 3.75 128

baremetal node

We ran all the MPI tests, on all 5 hardware/Vdbnfigurations, and measured the
performance and calculated spagis and overheads. We calculated two types of overheads for
each application using formula (1). The total overhead induced by the virtualization and the
parallel processing is calculated ngithe baremetal single process time as T(1) in the formula
(1). The parallel overhead is calculated using the single process time from a corresponding VM
as T(1) in formula (1).

In all the MPI tests we performed, we used the following invariargetect the number of
parallel processes (MPI processes) for a given application.

Number of MPI processes = Number of CPU cores used
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For example, for the matrix multiplication application, we used only half the number of
nodes (bargnetal or VMs) availabl¢o us, so that we had 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,
resultng in a total of 128 MPI processes utilizing all 128 CPU cores. Some of the results of our

analysis highlighting the different characteristics we observed are shdigares 10 - 17.

Figure 10. Performance of the matrix multiplicati

applicationi average time (in seconds) against the s Figure 11. Speedp of the matrix multiplication

of a matrix (Number of MPI processes = 64). application i Speedup against the number of M
processes = number of CPU cores used (Fixed m
size = 5184x5184).

Figure 12. Performance of Kmeans clustefingverage Figure 13. Speedp of the Kmeans clusteririgspeedup
time (in seconds) against the number of 2D data pc against the number of MPI processes = nunafeZPU
clustered (Number of MPI Processes = 128 ) cores used (Number of data points = 860160 )



