Scientific Workflows in the Cloud

Gideon Juve and Ewa Deelman

Abstract The development of cloud computing has generated significéerest
in the scientific computing community. In this chapter we sider the impact of
cloud computing on scientific workflow applications. We exaanthe benefits and
drawbacks of cloud computing for workflows, and argue thatgtimary benefit of
cloud computing is not the economic model it promotes, bihenathe technologies
it employs and how they enable new features for workflow &agilbns. We describe
how clouds can be configured to execute workflow tasks, arskptex case study
that examines the performance and cost of three typical fleaviapplications on
Amazon EC2. Finally, we identify several areas in which &g clouds can be
improved and discuss the future of workflows in the cloud.

1 Introduction

In this chapter we consider the use of cloud computing fargdic workflow appli-
cations. Workflows are coarse-grained parallel applicatithat consist of a series
of computational tasks logically connected by data- androbfiow dependencies.
They are used to combine several different computatiomegeses into a single co-
herent whole. Many different types of scientific analysis ba easily expressed as
workflows and, as a result, they are commonly used to modepatations in many
science disciplines [13]. Using workflow technologies, paments developed by
different scientists, at different times, for differentrdains can be used together.
Scientific workflows are used for simulation, data analyisigge processing, and
many other functions.
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Scientific workflows can range in size from just a few tasks itions of tasks.
For large workflows it is often desirable to distribute thekacross many comput-
ers in order to complete the work in a reasonable time. As,suorkflows often
involve distributed computing on clusters, grids [18], ater computational in-
frastructures. Recently cloud infrastructures are alsogoevaluated as an execution
platform for workflows [24, 28].

Cloud computing represents a new way of thinking about howeploy and
execute scientific workflows. On the one hand, clouds candegtht of as just an-
other platform for executing workflow applications. Theyppart all of the same
techniques for workflow management and execution that haee beveloped for
clusters and grids. With very little effort a scientist caaptby a workflow execu-
tion environment that mimics the environment they would aise local cluster or
national grid. On the other hand, clouds also provide séveatures, such as vir-
tualization, that offer new opportunities for making wodkfl applications easier to
deploy, manage and execute. In this chapter we examine tms@tunities and
describe how workflows can be deployed in the cloud today.

Many different types of clouds are being developed, bottoaswercial ventures
and in the academic community. For the purposes of this enay# are primarily
interested in Infrastructure as a Service (IaaS) cloudag3hese are more immedi-
ately useable by workflow applications. Other clouds, sicRlatform as a Service
(PaaS) and Software as a Service (SaaS) clouds, may pralddeaal benefits for
creating, managing and executing workflow-based compuristbut currently there
is a lack of systems developed in this area and additionahreh is needed to de-
termine how such systems can be fruitfully combined withkflow technologies.

2 Workflows in the Cloud

There is some disagreement about what is the killer featticdoad computing.
For many, especially those in the business community, tinactiveness of cloud
is due to its utility-based computing model—the idea thatsone else manages a
set of computational resources and users simply pay to atites). The academic
community, however, has had utility computing for quite agdime in the form of
campus clusters, high-performance computing centers asithe NCSA [37] and
the SDSC [44], and national cyberinfrastructure such agénaGrid [48] and the
Open Science Grid [38]. Although the availability of comwial clouds may have
some impact on the economics of large-scale scientific ctingguve do not view
economics as the fundamental benefit of cloud computingdiense. Instead, we
think clouds provide a multiplicity of benefits that are mtgehnological in nature,
and that these benefits stem, primarily, from the extenseefiservice-oriented ar-
chitectures and virtualization in clouds. In the followisgctions we discuss several
aspects of cloud computing that are of particular benefitddflow applications.
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2.1 Provisioning

In grids and clusters scheduling is based on a best-effateiio which a user spec-
ifies their computation (the number of resources and amdutithe required) and
delegates responsibility for allocating resources anédling the computation to
a batch scheduler. Requests for resources (jobs) are imteBdplaced into a queue
and serviced in order, when resources become availablercing to the policies of
the scheduler. As a result, jobs often face long, unpredliegueue times, especially
jobs that require large numbers of resources, or have lomgnmas. The allocation
of resources and binding of jobs to those resources are fiuewally tied together
and out of the user’s control. This is unfortunate for wonkBobecause often the
overheads of scheduling jobs on these platforms are highfara workflow con-
taining many tasks the penalty is paid many times, whichsqetformance [28].

In clouds the process is reversed. Instead of delegatiogadibn to the resource
manager, the user directly provisions the resources redjind schedules their
computations using a user-controlled scheduler. Thisigi@mving model is ideal
for workflows and other loosely-coupled applications beeait enables the ap-
plication to allocate a resource once and use it to executsy rt@sks, which re-
duces the total scheduling overhead and can dramaticgtisowve workflow perfor-
mance [28, 45, 46, 41]. Although in clusters and grids, gidbt systems, such as
Condor glide-ins [13] aim to simulate resource provisignithey face limitations
imposed by the target systems, for example the maximumimali job is allowed
to run on a resource.

2.2 On-demand

Cloud platforms allocate resources on-demand. Cloud es@rsequest, and expect
to obtain, sufficient resources for their needs at any tinés flieature of clouds has
been called the “illusion of infinite resources”. The draskaf this approach is
that, unlike best-effort queuing, it does not provide anarpmity to wait. If suffi-
cient resources are not available to service a request imatedd then the request
fails.

On-demand provisioning allows workflows to be more oppastim in their
choice of resources. Unlike tightly-coupled applicatiowhich need all their re-
sources up-front and would prefer to wait in a queue to engriogity, a workflow
application can start with only a portion of the total resms desired. The mini-
mum usable resource pool for workflows containing only $e&sks is one pro-
cessor. With on-demand provisioning a workflow can alloeatenany resources as
possible and start making progress immediately.
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2.3 Elasticity

In addition to provisioning resources on-demand, clouds allow users to return
resources on-demand. This dual capability, called elastis a very useful feature
for workflow applications because it enables workflow systémeasily grow and

shrink the available resource pool as the needs of the warldt@ange over time.

Common workflow structures such as data distribution and dggregation can
significantly change the amount of parallelism in a workfloveiotime [7]. These

changes lead naturally to situations in which it may be pabfé to acquire or re-
lease resources to more closely match the needs of the afipti@nd ensure that
resources are being fully utilized.

2.4 Legacy Applications

Workflow applications frequently consist of a collectiorcomplementary software
components developed at different times for different ugedifferent people. Part
of the job of a workflow management system is to weave theszdggneous com-
ponents into a single coherent application. Often this mestone without changing
the components themselves. In some cases no one wants tfy madies that have
been designed and tested many years ago in fear of intragibaiys that may affect
the scientific validity of outputs. This can be challengimgpénding on the environ-
ment for which the components were developed and the asmmephade by the
developer about the layout of the filesystem. These compsiaea often brittle and
require a specific software environment to execute suaa@ssf

Clouds and their use of virtualization technology may mdiesé legacy codes
much easier to run. Virtualization enables the environneibe customized to suit
the application. Specific operating systems, libraries, saftware packages, can
be installed, directory structures required by the appiboacan be created, input
data can be copied into specific locations, and complex aargfitpns can be con-
structed. The resulting environment can be bundled up agwalimachine image
and redeployed on a cloud to run the workflow.

2.5 Provenance and Reproducibility

Provenance is the origin and history of an object [8]. In cataponal science,
provenance refers to the storage of metadata about a catoputaat can be used
to answer questions about the origins and derivation of platduced by that com-
putation. As such, provenance is the computational ecrivaif a lab scientist's
notebook and is a critical component of reproducibilitye ttornerstone of experi-
mental science.
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Virtualization is a useful feature for provenance becatiadws one to capture
the exact environment that was used to perform a computatictuding all of
the software and configuration used in that environmentréwipus work [23] we
proposed a provenance model for workflow applications inctvvirtual machine
images are a critical component. The idea behind this msdkét, if a workflow is
executed using a virtual machine, then the VM image can bedt@ong with the
provenance of the workflow. Storing the VM image enables tiensist to answer
many important questions about the results of a workflow namss: What version
of the simulation code was used to produce the data? Whidmrjibvas used? How
was the software installed and configured? It also enabtesdientist to redeploy
the VM image and create exactly the same environment thatus@gd to run the
original experiment. This environment could be used tonmehe experiment, or it
could be modified to run a new experiment. These capabiltiessnabled by the
use of virtualization in cloud computing.

3 Deploying Workflows in the Cloud

Workflow Management Systems such as Pegasus WMS [40, 16], @tacute,
and monitor scientific workflows. Pegasus WMS, which consi$tthe Pegasus
mapper [14], the DAGMan execution engine [12], and the Cosdaedd [19] for
task execution, performs several critical functions. lagtd workflows to the tar-
get execution environment, it manages task execution driliited resources, it
optimizes workflow performance to reduce time to solutiod produce scientific
results faster, it provides reliability during executiantlat scientists need not man-
age a potentially large number of failures, and they tra¢& da that it can be easily
located and accessed during and after workflow execution.

An approach to running workflows on the cloud it to build awaitcluster using
the cloud resources and schedule workflow tasks to thatelust

3.1 Virtual Clusters

Scientific workflows require large quantities of computelegdo process tasks. In
the cloud these cycles are provided by virtual machinescii@se the performance
required for large-scale workflows many virtual machinganses must be used si-
multaneously. These collections of VMs are called “virtakisters” [10, 17, 32].
The process of deploying and configuring a virtual clusteétniewn as contextu-
alization [31]. Contextualization involves complex comnifigtion steps that can be
tedious and error-prone to perform manually. To automate glocess, software
such as the Nimbus Context Broker [31] can be used. This aoftgathers infor-
mation about the virtual cluster and uses it to generate guraiion files and start
services on cluster VMs.
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3.2 Resource Management

Having a collection of virtual machines is not sufficient tonra workflow. Addi-
tional software is needed to bind workflow tasks to resoufoegxecution. The
easiest way to do this is to use some off-the-shelf resour@eagement system
such as Condor [35], PBS [5] or Sun Grid Engine [20]. In thiywee virtual clus-
ter mimics a traditional computational cluster. A typicatwal cluster is composed
of a virtual machine that acts as a head node to manage thero#tohines in the
cluster and accept tasks from the workflow management sysiera set of worker
nodes that execute tasks. Configuration of the resourcegeanad registration of
worker nodes with the head node is part of the process of xtuatization.

3.3 Data Storage

Workflows are loosely-coupled parallel applications thatgist of a set of discrete
computational tasks logically connected via data- androbfiow dependencies.
Unlike tightly-coupled applications in which tasks comriuate by sending mes-
sage via the cluster network, workflow tasks typically cominate using files,
where each task produces one or more output files that becgutfiles to other
tasks. These files are passed between tasks either throunginesl storage system
or using some file transfer mechanism.

In order to achieve good performance, these storage systamtscale well
to handle data from multiple workflow tasks running in paadin separate nodes.
When running on HPC systems, workflows can usually make uskighaperformance,
parallel file system such as Lustre [36], GPFS [43], or Paf&4. In the cloud,
workflows can either make use of a cloud storage service,eyr¢han deploy their
own shared file system. To use a cloud storage service theflmerinanagement
system would likely need to change the way it manages dataeX@mple, to use
Amazon S3 [1] a workflow task needs to fetch input data from@&8 Iocal disk,
perform its computation, then transfer output data fromltival disk back to S3.
Making multiple copies in this way can reduce workflow penfi@ance. Another al-
ternative would be to deploy a file system in the cloud thaldtde used by the
workflow. For example, in Amazon EC2 an extra VM can be staiddwbst an NFS
file system and worker VMs can mount that file system as a |cadition. If better
performance is needed then several VMs can be started ta Ipasallel file system
such as PVFS [34, 50] or GlusterFS [25].

4 Case Study: Scientific Workflows on Amazon EC2

To illustrate how clouds can be used for workflow applicatiove present a case
study using Amazon’s EC2 [1] cloud. EC2 is a commercial clthat exempli-
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fies the laaS model. It provides computational resourcesdridrm of virtual ma-
chine instances, which come in a variety of hardware cordiipms and are capable
of running several different virtualized operating sys$eifror comparison we ran
workflows on both EC2 and NCSA's Abe cluster [37]. Abe is a tgbiexample of
the resources available to scientists on the national eyflb@structure. Running the
workflows on both platforms allows us to compare the perforceafeatures, and
cost of a typical cloud environment to that of a typical gritvieonment. Figure 1
shows the high-level set up.

4.1 Applications Tested

Three workflow applications were chosen for this study: aroasmy application
(Montage), a seismology application (Broadband), and efaionatics application
(Epigenome). These applications were selected becaugedkier a wide range of
science domains and resource requirements.

Montage [6] creates science-grade astronomical imageiosoBam data col-
lected using telescopes. The size of a Montage workflow (Eig) depends upon
the area of the sky (in square degrees) covered by the outpsdim In our ex-
periments we configured Montage workflows to generate arg8demosaic. The
resulting workflow contains 10,429 tasks, reads 4.2 GB dfiigjata, and produces
7.9 GB of output data.

Broadband [9] generates and compares seismograms fronakleiggn- and low-
frequency earthquake simulation codes. Each Broadbankflawar(Figure 3) gen-
erates seismograms for several sources (scenario eakdgj@and sites (geographic
locations). For each (source, site) combination the workfians several high- and
low-frequency earthquake simulations and computes iitfermeasures of the re-
sulting seismograms. In our experiments we used 4 sourckS aites to generate
a workflow containing 320 tasks that reads 6 GB of input dathvarites 160 MB
of output data.

Epigenome [30] maps short DNA segments collected usingthighughput gene
sequencing machines to a previously constructed refeigamame using the MAQ
software [33]. The workflow (Figure 4) splits several inpegsent files into small
chunks, reformats and converts the chunks, maps the choiak®ference genome,
merges the mapped sequences into a single output map, apdiEsthe sequence
density for each location of interest in the reference gemdrhe workflow used in
our experiments maps human DNA sequences to a referencematome 21. The
workflow contains 81 tasks, reads 1.8 GB of input data, andumres 300 MB of
output data.
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4.2 Software

All workflows were planned and executed using the Pegasus WR@8asus is
used to transform abstract, resource-independent worldlseriptions into con-
crete, platform-specific execution plans. These plansy@euted using DAGMan
to track dependencies and release tasks as they become arddyondor schedd
to run tasks on the available resources.

4.3 Hardware

Table 1: Resource Types Used

Type Arch.|CPU Cores|Memory [Network Storage |Price
ml.small [32-bit|2.0-2.6 GHz Opteroji/2 |1.7 GB |1-Gbps Ethernet |Local disk$0.10/h
ml.large [64-bit|2.0-2.6 GHz Opteroj2 7.5 GB |1-Gbps Ethernet |Local disK$0.40/h
m1.xlarge |64-bit|2.0-2.6 GHz Opterop 15 GB |1-Gbps Ethernet |Local disk$0.80/ht
cl.medium32-bit|2.33-2.66 GHz Xeor?2 1.7 GB |1-Gbps Ethernet |Local disk$0.20/h
cl.xlarge |64-bit{2.33-2.66 GHz XeorB 7.5 GB |[1-Gbps Ethernet |[Local disk$0.80/h

8

8

abe.local |64-bit|2.33 GHz Xeon 8 GB 10-Gbps InfiniBangLocal diskN/A
abe.lustre |64-bit|2.33 GHz Xeon 8 GB 10-Gbps InfiniBan¢Lustre N/A

EC2 provides resources with various hardware configuratidable 1 compares
the resource types used for the experiments. It lists fiveuree types from EC2
(m1.* and c1.*) and two resource types from Abe (abe.locdl @me.lustre). There
are several noteworthy details about the resources shavat, &though there is
actually only one type of Abe node, there are two types ligtd¢tle table: abe.local
and abe.lustre. The actual hardware used for these typesiiséent; the difference
is in how /O is handled. The abe.local type uses a local tpantfor 1/0, and the
abe.lustre type uses a Lustre partition for 1/0. Using twitedént names is simply
a notational convenience. Second, in terms of computdtaapeacity, the cl.xlarge
resource type is roughly equivalent to the abe.local resotype with the exception
that abe.local has slightly more memory. We use this facstonate the virtual-
ization overhead for our test applications on EC2. Thirdaire cases EC2 assigns
Xeon processors for m1.* instances, but for all of the experits reported here the
m1.* instances used were equipped with Opteron procesEloesonly significance
is that Xeon processors have better floating-point perfaoashan Opteron proces-
sors (4 FLOP/cycle vs. 2 FLOP/cycle). Finally, the m1.srmtance type is shown
having core. This is possible because of virtualization2 BGdes are configured to
give ml.small instances access to the processor only 50B& dithe. This allows a
single processor core to be shared equally between twoetepal..small instances.
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4.4 Execution Environment

The execution environment was deployed on EC2 as shown uné-&g(left). A sub-
mit host running outside the cloud was used to coordinatevtr&flow, and worker
nodes were started inside the cloud to execute workflow t&skshe Abe experi-
ments Globus [47] and Corral [29, 11] were used to deploy Gogtideins [22] as
shown in Figure 5(right). The glideins started Condor dassmn the Abe worker
nodes, which contacted the submit host and were used to texecukflow tasks.
This approach creates an execution environment on Abe shequivalent to the
EC2 environment.

4.5 Storage

Amazon provides several storage services that can be used®P. The Simple
Storage Service (S3) [39] is an object-based storage seivisupports PUT, GET,
and DELETE operations for un-typed binary objects up to 5 GBize. The Elastic
Block Store (EBS) [2] is a block-based storage service thatides SAN-like stor-
age volumes up to 1 TB in size. These volumes appear as sthbldak devices
when attached to an EC2 instance and can be formatted witdasth UNIX file
systems. EBS volumes cannot be shared between multipénes.

In comparison, Abe provides shared storage on a large L[Bdleparallel file
system. This is a very common storage configuration for ehustd grid platforms.

To run workflow applications storage must be allocated fqliaption executa-
bles, input data, intermediate data, and output data. lipiaalyworkflow applica-
tion executables are pre-installed on the execution sifeitidata is copied from an
archive to the execution site, and output data is copied fr@mexecution site to an
archive.

For all experiments, executables and input data were pigedtto the execution
site, and output data were not transferred from the exatatie. For the EC2 exper-
iments, executables were installed in the VM images, inptd tvas stored on EBS
volumes, and intermediate and output data was written tea [martition. For the
Abe experiments executables and input data were kept orutsted file system and
intermediate and output data was written in some cases tabgartition (abe.local
experiments) and in other cases to the Lustre file systemlabre experiments).

EBS was chosen to store input data for a number of reasoss, $tioring inputs
in the cloud obviates the need to transfer input data regbafehis saves both time
and money because transfers cost more than storage. SesonglEBS avoids the
10 GB limit on VM images, which is too small to include the inmlata for all
the applications tested. We can access the data as if it weadaral disk without
packaging it in the VM image. A simple experiment using thekdiopy utility ‘dd’
showed similar performance reading from EBS volumes anddte disk (74.6
MB/s for local, and 74.2 MB/s for EBS). Finally, using EBS gilifies our setup
by allowing us to reuse the same volume for multiple expenisieWhen we need
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to change instances we just detach the volume from one estamd re-attach it to
another.

4.6 Performance Comparison

In this section we compare the performance of the selectekflow applications by
executing them on Abe and EC2. The critical performanceimeg are concerned
with is the runtime of the workflow (also known as the make$pahich is the total
amount of wall clock time from the moment the first workflowkas submitted
until the last task completes. The runtimes reported for BGhot include the
time required to install and boot the VM, which typically aages between 70 and
90 seconds [26]. Now this is much less if you use EBS to stosges., and the
runtimes reported for Abe do not include the time glideinsj@pend waiting in the
queue, which is highly dependent on the current system labb, the runtimes
do not include the time required to transfer input and outfadé (see Table 4). We
assume that this time will be variable depending on WAN ctiowis. A study of
bandwidth to/from Amazon services is presented in [39]. un experiments we
typically observed bandwidth on the order of 500-1000KBésween Amazon’s
East Region datacenter and our submit host in Marina del @&y,

We estimate the virtualization overhead for each appticatiy comparing the
runtime on cl.xlarge with the runtime on abe.local. Meaguthe difference in
runtime between these two resource types should provideod gstimate of the
cost of virtualization.

Figure 6 shows the runtime of the selected applicationgyusia resource types
shown in Table 2. In all cases the m1.small resource typetmdiorst runtime by
a large margin. This is not surprising given its relativelwIcapabilities.

For Montage the best EC2 performance was achieved on théargexype. This
is likely due to the fact that m1.xlarge has twice as much ngras the next best re-
source type. The extra memory is used by the Linux kerneh®fite system buffer
cache to reduce the amount of time the application spendigdor I/O. This is
particularly beneficial for Montage, which is very I/O-inwve. The best overall
performance for Montage was achieved using the abe.lustrBgeiration, which
was more than twice as fast as abe.local. This large gap stsyipat having a par-
allel file system is a significant advantage for I/O-boundliapfions like Montage.
The difference in runtime between the c1.xlarge and aba.lx@eriments suggests
that the virtualization overhead for Montage is less than 8%

The best overall runtime for Broadband was achieved by utirgabe.lustre
resource type, and the best EC2 runtime was achieved usngltklarge resource
type. This is despite the fact that only 6 of the 8 cores onlafige and abe.lustre
could be used due to memory limitations. Unlike Montage tifflerénce between
running Broadband on a relatively slow local disk (abellpaad running on the
parallel file system (abe.lustre) is not as significant. Thiattributed to the lower
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I/O requirements of Broadband. Broadband performs the tnmraml.small and
cl.medium, which also have the lowest amount memory (1.7. G} is because
ml.small has only half a core, and cl.medium can only use bits two cores
because of memory limitations. The difference betweenuihéme using cl.xlarge
and the runtime using abe.local was only about 1%. This stifédrence suggests
a relatively low virtualization penalty for Broadband.

For Epigenome the best EC2 runtime was achieved using edexénd the best
overall runtime was achieved using abe.lustre. The prirfeartpr affecting the per-
formance of Epigenome was the availability of processoegowith more cores
resulting in a lower runtime. This is expected given thatgepiome is almost en-
tirely CPU-bound. The difference between the abe.lustdeade.local runtimes was
only about 2%, which is consistent with the fact that Epigaadas relatively low
I/0 and is therefore less affected by the parallel file systEme difference between
the abe.local and the cl.xlarge runtimes suggest that thelization overhead for
this application is around 10%, which is higher than both kge and Broadband.
This may suggest that virtualization has a larger impactBb®ound applications.

Based on these experiments we believe the performance &flawws on EC2 is
reasonable given the resources that can be provisiondubugh the EC2 perfor-
mance was not as good as the performance on Abe, most of th&ces provided
by EC2 are also less powerful. In the cases where the resoareesimilar, the
performance was found to comparable. The EC2 cl.xlarge typeeh is nearly
equivalent to abe.local, delivered performance that wasiypéhe same as abe.local
in our experiments.

For I/O-intensive workflows like Montage, EC2 is at a sigrafit disadvantage
because of the lack of high-performance parallel file systéfthile such a file sys-
tem could conceivably be constructed from the raw companaviilable in EC2,
the cost of deploying such a system would be prohibitive ddit#on, because EC2
uses commodity networking equipment it is unlikely thatréherould be a signifi-
cant advantage in shifting I1/0O from a local partition to agiil file system across
the network, because the bottleneck would simply shift ftbendisk to the network
interface. In order to compete performance-wise with Alre/f@-intensive appli-
cations, Amazon would need to deploy both a parallel fileesysand a high-speed
interconnect.

For memory-intensive applications like Broadband, EC2 aerieve nearly the
same performance as Abe as long as there is more than 1 GB afnyger core.
If there is less, then some cores must sit idle to preventytbies from running out
of memory or swapping. This is not strictly an EC2 problene, $hme issue affects
Abe as well.

For CPU-intensive applications like Epigenome, EC2 caiivelecomparable
performance given equivalent resources. The virtuabradiverhead does not seem
to be a significant barrier to performance for such appliceti In fact, the virtual-
ization overhead measured for all application less than. 06 is consistent with
previous studies that show similar virtualization ovedeept, 21, 49]. As such, vir-
tualization does not seem, by itself, to be a significantgrerbnce problem for
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clouds. As virtualization technologies improve it is likehat what little overhead
there is will be further reduced or eliminated.

4.7 Cost Analysis

In this section we analyze the cost of running workflow aggilans in the cloud. We
consider three different cost categories: resource dosge cost, and transfer cost.
Resource cost includes charges for the use of VM instancBCRy storage cost
includes charges for keeping VM images in S3 and input daEBi§; and transfer
cost includes charges for moving input data, output datal@ndiles between the
submit host and EC2.

4.7.1 Resource Cost

Each of the five resource types Amazon offers is charged dfeaetit hourly rate:
$0.10/hr for m1.small, $0.40/hr for m1.large, $0.80/hr fiat.xlarge, $0.20/hr for
cl.medium, and $0.80/hr for cl.xlarge. Usage is rounded tipet nearest hour, so
any partial hours are charged as full hours.

Figure 7 shows the per-workflow resource cost for the aptpdina tested. Al-
though it did not perform the best in any of our experimerits,mhost cost-effective
instance type was cl.medium, which had the lowest execatistfor all three ap-
plications.

4.7.2 Storage Cost

Storage cost consists of a) the cost to store VM images in 88bathe cost of
storing input data in EBS. Both S3 and EBS use fixed monthlygg®for the
storage of data, and variable usage charges for accessidgtin The fixed charges
are $0.15 per GB-month for S3, and $0.10 per GB-month for EB®. variable
charges are $0.01 per 1,000 PUT operations and $0.01 pélQlGAT operations
for S3, and $0.10 per million 1/O operations for EBS. We reploe fixed cost per
month, and the total variable cost for all experiments peréd.

We used a 32-bit and a 64-bit VM image for all of the experimeénthis paper.
The 32-bit image was 773 MB and the 64-bit image was 729 MB fmtal fixed
cost of $0.22 per month. In addition, there were 4616 GET atjmrs and 2560
PUT operations for a total variable cost of approximately0$0

The fixed monthly cost of storing input data for the three eapions is shown
in Table 2. In addition, there were 3.18 million I/O operasdor a total variable
cost of $0.30.



Scientific Workflows in the Cloud 13

Table 2: Monthly storage cost

Application Volume Size Monthly Cost

Montage 5GB $0.66
Broadband 5GB $0.60
Epigenome 2GB $0.26

4.7.3 Transfer Cost

In addition to resource and storage charges, Amazon chd@g&8 per GB for trans-

ferinto, and $0.17 per GB for transfer out of, the EC2 clowhbl&s 3 and 4 show the
per-workflow transfer sizes and costs for the three appdicatstudied. Input is the
amount of input data to the workflow, output is the amount dpatdata, and logs
is the amount of logging data that is recorded for workflovk$aand transferred
back to the submit host. The cost of the protocol used by Cottdcommunicate

between the submit host and the workers is not included,thstestimated to be
less than $0.01 per workflow.

Table 3: Per-workflow transfer sizes

Application Input Output Logs

Montage 4291 MB 7970 MB 40 MB
Broadband 4109 MB 159 MB 5.5 MB
Epigenome 1843 MB 299 MB 3.3 MB

Table 4: Per-workflow transfer costs

Application Input Output Logs Total
Montage  $0.42 $1.32< $0.01 $1.75
Broadband $0.40 $0.03< $0.01 $0.43
Epigenome $0.18 $0.05< $0.01 $0.23

The first thing to consider when provisioning resources o8 EGhe tradeoff be-
tween performance and cost. In general, EC2 resources bb@phorism “you get
what you pay for’—resources that cost more perform bettar thaources that cost
less. For the applications tested, cl.medium was the mastefective resource
type even though it did not have the lowest hourly rate, beedhe type with the
lowest rate (m1.small) performed so badly.
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Another important thing to consider when using EC2 is theaodf between
storage cost and transfer cost. Users have the option @reihtransferring input
data for each workflow separately, or b) transferring in@tance, storing it in the
cloud, and using the stored data for multiple workflow runise Thoice of which
approach to employ will depend on how many times the databsilised, how long
the data will be stored, and how frequently the data will beeased. In general,
storage is more cost-effective for input data that is rewdezh and accessed fre-
quently, and transfer is more cost-effective if data willus=d only once. For the
applications tested in this paper, the monthly cost to stgret data is only slightly
more than the cost to transfer it once. Therefore, for thepdications, it is usu-
ally more cost-effective to store the input data rather tinansfer the data for each
workflow.

Although the cost of transferring input data can be easilpriized by storing
it in the cloud, the cost of transferring output data may beawbfficult to reduce.
For many applications the output data is much smaller tharirtput data, so the
cost of transferring it out may not be significant. This is ¢tlse for Broadband and
Epigenome, for example. For other applications the large i output data may be
cost-prohibitive. In Montage, for example, the output isiatly larger than the input
and costs nearly as much to transfer as it does to computéh&se applications
it may be possible to leave the output in the cloud and perfadditional analyses
there rather than to transfer it back to the submit host.

In [15] the cost of running 1-, 2-, and 4-degree Montage wovkél on EC2 was
studied via simulation. That paper found the lowest totat oba 1-degree workflow
to be $0.60, a 2-degree to be $2.25, and a 4-degree to be $9@fmparison, we
found the total cost of an 8-degree workflow, which is 4 tinggér than a 4-degree
workflow, to be approximately $1.25 if data is stored for atirermonth, and $2.35
if data is transferred. This difference is primarily due to underestimate of the
performance of EC2 that was used in the simulation, whicllyeced much longer
simulated runtimes.

Finally, the total cost of all the experiments presentedhis paper was $149.55.
That includes all charges related to learning to use EC2tiag VM images, and
running test and experimental workflows.

5 Challenges

In the experiments above we focused on running a workflowiegidn on a single,
multi-core virtual instance. There are several challeribasneed to be addressed
when running workflows on multiple virtual instances. Here describe the chal-
lenges related to data storage, communications, and coafigjty.
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5.1 Lack of Appropriate Storage Systems

Existing workflow systems often rely on parallel and disttéddl file systems. These
are required to ensure that tasks landing on any node cassatteeoutputs of pre-
vious tasks that may have executed on another node. It i®#s transfer inputs
and outputs for each task separately, however the repeatgdnment of data is
highly inefficient, and time-consuming. In addition, it mag costly in a commer-
cial cloud that charges by the number of bytes transferrechi@ercial clouds often
deploy structured or object-based storage services thmbeautilized by work-
flow applications. However, these services typically do pavide standard file
system interfaces. In order to use these systems the appticedes must either be
modified to interface with the storage services, or must lEpped with additional
workflow components that know how to do the translation. Arotsolution is to
deploy a temporary shared file system in the cloud as part atwaV cluster, but
the problems with this solution are that it is complex, ptitaly costly, and requires
an additional step to ensure that desired outputs are &naadfto permanent stor-
age. A better solution would be a permanent, scalable, Iphfé¢ system similar
to what existing clusters and grids use. The challenge wahproach is that it is
not clear how such a file system would be provisioned and drereng different
users within a cloud. In particular, authentication anchatization would be key
challenges of such a system.

5.2 Relatively Slow Networks

Most communication in workflows occurs through intermeelides that are written
by one task and read by a subsequent task. In a distributéhement these files
need to be transferred across the network in order for thkflearto make progress.
As such, workflows depend on high-performance networks iese good perfor-
mance. This is especially true for data-intensive workfloMastworks that provide
high-throughput, but not necessarily low latency are idealvever the predominant
networking technology employed by existing commercialde is Gigabit Ether-
net. In comparison, many cluster and grid infrastructuresige interconnects that
deliver 10 Gigabit/second or better. In order for clouds ¢éoabviable alternative
to clusters and grids as a platform for workflow applicatitimsy would need to
deploy much faster networks. Making high-performance pétimg function with
OS-level virtualization should be a top priority for futwud platforms.

5.3 Lack of Tools

Setting up an environment to run workflows in the cloud is a plex endeavor.
There is some work in virtual appliances [42], but those gpécally designed for
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single nodes and not for clusters of nodes. The Nimbus CoBieker [31] can
be used to construct virtual clusters and is immensely Ugafounning workflows
in the cloud. More tools are needed to simplify the manageéroécloud-based
environments.

6 Summary and Future Outlook

The benefit of cloud computing for science is not necessarilis utility comput-
ing and economic aspects, which are not new for academic atimgp The benefit
of clouds is rather in its technological features that stesmfservice-oriented ar-
chitecture and virtualization. In the area of scientific kitows clouds have many
important benefits. These benefits include the illusion 6hite resources, lease-
based provisioning, elasticity, support for legacy amilans and environments,
provenance and reproducibility, and others.

In our work, we supported the workflow execution on the clduough the de-
ployment of a Condor-based virtual cluster on top of virinatance. Workflows can
also be made to run across multiple virtual instances, bditiadal communicate
of data files need to be supported.

Cloud platforms like Amazon EC2 can be used to execute warkftoday, but
in the future much work is needed to bring these platformsoughé¢ performance
level of the grid. This includes developing cloud storagetems that are appropriate
for workflow and other science applications as well as toolkdlp scientists and
workflow engineers deploy their applications in the cloud.

In the future we will see many new cloud-based solutions forkflow applica-
tions. For example, we will likely see the development of meanagement tools
that help users run workflows using existing tools in the gWé may see new
workflow systems that are designed with the specific featoiréise cloud in mind.
We will see research on how to deploy workflows across gridiscéouds. We may
see PaaS and SaaS clouds that are developed exclusivelgridtow applications.
For example, a PaaS cloud may provide a user-centered Régiation Service
(RLS) for locating files in the cloud and outside, a dynamiévidek Attached Stor-
age (NAS) service for storing files used and created by wasisfl@ transformation
catalog service to store and manage application binamesaavorkflow execution
service for managing tasks and dependencies. A SaaS clowdikflows may pro-
vide an application-specific portal where a user could ehiedetails of a desired
computation and have the underlying workflow services gerest new workflow
instance, plan and execute the computation, and providsado the results.
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Fig. 1: The Workflow Management in the Context of the ExeguEmvironment.
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Fig. 2: Montage workflow.
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