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13.1

INTRODUCTION

Distributed systems and their specific incarnations have evolved significantly
over the years. Most often, these evolutionary steps have been a consequence of
external technology trends, such as the significant increase in network/bandwidth capabilities that have occurred. It can be argued that the single most
important driver for cloud computing environments is the advance in virtualization technology that has taken place. But what implications does this advance,
leading to today’s cloud environments, have for scientific applications? The aim
of this chapter is to explore how clouds can support scientific applications.
Before we can address this important issue, it is imperative to (a) provide a
working model and definition of clouds and (b) understand how they differ
from other computational platforms such as grids and clusters. At a high level,
cloud computing is defined by Mell and Grance [1] as a model for enabling
convenient, on-demand network access to a shared pool of configurable
computing resources (e.g., networks, servers, storage, applications, and services) that can be rapidly provisioned and released with minimal management
effort or service provider interaction.
We view clouds not as a monolithic isolated platform but as part of a large
distributed ecosystem. But are clouds a natural evolution of distributed
systems, or are they a fundamental new paradigm? Prima facie, cloud concepts
are derived from other systems, such as the implicit model of clusters as static
Cloud Computing: Principles and Paradigms, Edited by Rajkumar Buyya, James Broberg and
Andrzej Goscinski Copyright r 2011 John Wiley & Sons, Inc.

345

346

UNDERSTANDING SCIENTIFIC APPLICATIONS FOR CLOUD ENVIRONMENTS

bounded sets of resources, which leads to batch-queue extensions to virtualization. Another example is provided by ideas prevalent in grids to address
dynamic application requirements and resource capabilities, such as pilot jobs,
that are being redesigned and modified for clouds. In either case, clouds are an
outgrowth of the systems and ideas that have come before them, and we want
to consciously consider our underlying assumptions, to make sure we are not
blindly carrying over assumptions about previous types of parallel and
distributed computing.
We believe that there is novelty in the resource management and capacity
planning capabilities for clouds. Thanks to their ability to provide an illusion of
unlimited and/or immediately available resources, as currently provisioned,
clouds in conjunction with traditional HPC and HTC grids provide a balanced
infrastructure supporting scale-out and scale-up, as well as capability (HPC) and
quick turn-around (HTC) computing for a range of application (model) sizes and
requirements. The novelty in resource management and capacity planning
capabilities is likely to influence changes in the usage mode, as well deployment
and execution management/planning. The ability to exploit these attributes could
lead to applications with new and interesting usage modes and dynamic execution
on clouds and therefore new application capabilities. Additionally, clouds are
suitable infrastructure for dynamic applications—that is, those with execution
time resource requirements that cannot be determined exactly in advance, either
due to changes in runtime requirements or due to interesting changes in
application structure (e.g., different solver with different resource requirement).
Clouds will have a broad impact on legacy scientific applications, because we
anticipate that many existing legacy applications will adapt to and take
advantage of new capabilities. However, it is unclear if clouds as currently
presented are likely to change (many of) the fundamental reformulation of the
development of scientific applications. In this chapter, we will thus focus on
scientific applications that can benefit from a dynamic execution model that we
believe can be facilitated by clouds. Not surprisingly, and in common with
many distributed applications, coarse-grained or task-level parallelism is going
to be the basis of many programming models aimed at data-intensive science
executing in cloud environments. However, even for common programming
approaches such as MapReduce (based on task-level parallelism), the ability
to incorporate dynamic resource placement and management as well as
dynamic datasets is an important requirement with concomitant performance
advantages. For example, the Map and Reduce phases involve different
computations, thus different loads and resources; dynamical formulations of
applications are better suited to supporting such load-balancing. Clouds are
thus emerging as an important class of distributed computational resource, for
both data-intensive and compute-intensive applications.
There are novel usage modes that can be supported when grids and clouds
are used concurrently. For example, the usage of clouds as the computational
equivalent of a heat bath establishes determinism—that is, well-bounded timeto-completion with concomitant advantages that will accrue as a consequence.
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But to support such advanced usage modes, there is a requirement for
programming systems, models, and abstractions that enable application developers to express decompositions and which support dynamic execution. Many
early cloud applications employ ad hoc solutions, which results in a lack of
generality and the inability of programs to be extensible and independent of
infrastructure details. The IDEAS design objectives—Interoperability, Distributed scale-out, Extensibility, Adaptivity, and Simplicity—summarize the design
goals for distributed applications. In this chapter we demonstrate several
examples of how these objectives can be accomplished using several cloud
applications that use SAGA.
13.1.1

Fundamental Issues

In this chapter, we want to consider a set of fundamental questions about
scientific applications on clouds, such as: What kind of scientific applications
are suitable for clouds? Are there assumptions that were made in developing
applications for grids that should consciously be thrown out, when developing applications for clouds? In other words, from an application’s perspective,
how is a cloud different from a traditional grid? What kind of scientific
applications can utilize both clouds and grids, and under what conditions?
The issue of how applications and environments are developed is a chickenand-egg situation. One might ask which applications are suitable for a given
environment. Similarly, one might ask which environment can support a
given application. Applications are developed to run in specific environments,
while environments are developed to run specific applications. This coupling
is a Zen-like paradox.
Clouds as a Type of Distributed Infrastructure. Before we can analyze if
there is a fundamentally different class of applications that can be supported on
cloud systems, it is imperative to ask, What is the difference between clouds and
other distributed infrastructure?
To structure the differences between grid and cloud applications, if any, let
us use the three phases of an applications life cycle: (i) development, (ii)
deployment, and (iii) execution [2]. In development, if we think of the three
vectors (execution unit, communication, and coordination) aiding our analysis,
then neither resource management or scheduling influence the above three
vector values. In deployment, clouds can be clearly differentiated from clusters
and grids. Specifically, the runtime environment [as defined by the virtual
machine (VM)] is controlled by the user/application and can be set up as such;
this is in contrast to traditional computational environments. By providing
simplicity and ease of management, it is hoped that the changes at the execution
level may feed back to the application development level.
Some uncertainty lies in the fact that there are some things we understand,
while there are some things that are dependent on evolving technologies and are
thus unclear. For example, at the execution level, clouds differ from clusters/
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grids in at least a couple of different ways. In cloud environments, user-level
jobs are not typically exposed to a scheduling system; a user-level job consists of
requesting the instantiation of a VM. Virtual machines are either assigned to
the user or not (this is an important attribute that provides the illusion of
infinite resources). The assignment of a job to a VM must be done by the user
(or a middleware layer). In contrast, user-level jobs on grids and clusters are
exposed to a scheduling system and are assigned to execute at a later stage. Also
a description of a grid/cluster job typically contains an explicit workload
description. In contrast, for clouds, a user-level job typically contains the
container (a description of the resource requested) but does not necessarily
contain the workload itself. In other words, the physical resources are not
provisioned to the workload but are provisioned to the container. This model is
quite similar to resource reservations where one can obtain a “container” of
resources to which jobs can be later be bound. Interestingly, at this level of
formulation, pilot jobs can be considered to provide a model of resource
provisioning similar to the one that clouds natively provide.
An additional issue is compositional and deployment flexibility. A number
of applications are difficult to build, due to runtime dependencies or complicated nonportable build systems. There is often a need to control the runtime
environment at a fine-grained level, which is often difficult with grids; this often
provides a rationale for using cloud environments. Clouds offer an opportunity
to build virtual machines once, then to load them on various systems, working
around issues related to portability on the physical systems, because the VM
images can be static, while real systems (both hardware and software) are often
changing.
A third issue is scheduling flexibility. Clouds offer the ability to create usage
modes for applications to support the situation where, when the set of resources
needed to run an application changes (perhaps rapidly), the resources can
actually be changed (new resources can be added, or existing resources can be
removed from the pool used by the job).
Scientific Cloud Applications as Distributed Applications. We have
previously [2] introduced the concept of Distributed Application Vectors to
structure the analysis and understanding of the main characteristics with a view
to understanding the primary design requirements and constraints. Specifically,
we determined that understanding the execution units, communication requirements, coordination mechanisms, and execution environment of a distributed
application was a necessary (minimally complete) set of requirements. We will
argue that both the vectors and the abstractions (patterns) for cloud-based
applications are essentially the same as those for grid-based applications,
further lending credibility to the claim that cloud-based applications are of
the broader distributed applications class.
Most applications have been modified to utilize clouds. Usually, the
modifications have not been at the application level, but more at the point at
which the application uses the infrastructure. It appears that there is not a

13.1

INTRODUCTION

349

major distinction between a classic grid application or a scientific cloud
application; they are both incarnations of distributed applications—with the
same development concerns and requirements, but with different deployment
and execution contexts. In other words: Cloud applications are essentially a
type of distributed applications, but with different infrastructure usage than
grid applications. Due to a better control on the software environment, there is
the ability to do some things better on clouds; thus, some types of applications
are better suited/adapted to clouds. Programming models, such as MapReduce,
that support data-intensive applications are not exclusively cloud-based, but
due to the programming systems and tools as well as other elements of the
ecosystem, they are likely to find increased utilization. Thus, at this level, there
are no fundamental new development paradigms for cloud-based applications a
priori.
We also formally characterized [2] patterns that can be used to capture
aspects of distributed coordination, communication, and execution. Specifically,
we identified three important elements (“vectors”) influencing the overall
development of distributed applications, coordination, communication, and
execution and showed how these and data access patterns can be associated
with a primary distributed application concern (reproduced and extended in
Table 13.1).
We will discuss how using cloud capabilities will enable applications to exploit
new scenarios, for example, the dynamic adjustment of application parameters
(such as the accuracy) or the dynamic addition of new resources to an
application. In order to motivate and structure these applications and their
usage modes, we will provide a brief overview of a classification of scientific cloud
applications in the next section. We will then discuss SAGA, which is an API for
distributed applications as a viable programming system for clouds. We establish
this with three distinct applications that have been developed for clouds using
SAGA, further bolstering the connection between cloud applications and
distributed applications. We end this chapter with a discussion of issues of
relevance to scientific applications on clouds—including design objectives,
interoperability with grids, and application performance considerations.
TABLE 13.1. A Classification of Some Commonly Occurring Patterns
in Distributed Computing.a
Coordination

Communication

Deployment

Data Access

Client-server
P2P
Master-worker (TF, BoT)
Consensus
Data processing pipeline

Pub-sub
Stream
Point-to-point
Broadcast

Replication
At-home
Brokering
Co-allocation

Co-access
One-to-one
One-to-many
Scatter-gather
All-to-all

a

The patterns are placed into a category that represents the predominant context in which they
appear and address; this is not to imply that each pattern addresses only one issue exclusively.
Source: Adapted from Jha et al. [2].
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13.2 A CLASSIFICATION OF SCIENTIFIC APPLICATIONS
AND SERVICES IN THE CLOUD
Common models of clouds [1,3,4] introduce composite hierarchies of different
layers, each implementing a different service model (see Figure 13.1). The
services of each layer can be composed from the services of the layer underneath, and each layer may include one or more services that share the same or
equivalent levels of abstraction. The proposed layers consist of the following:
the Software as a Service (SaaS) layer, the platform as a service (PaaS) layer,
and the Infrastructure as a Service (IaaS) layer. The IaaS layer can be further
divided into the computational resources, storage, and communications sublayers, the software kernel layer, and the hardware/firmware layer that consists
of the actual physical system components. As shown in Figure 13.1, clouds can
also be classified according to their deployment model into public and private
clouds. A public cloud is generally available on pay-per-use basis. Several
infrastructures have emerged that enable the creation of so-called private
clouds—that is, clouds that are only accessible from within an organization.
Based on the proposed service layers, we will derive a classification from the
application’s perspective, with our aim to provide suggestions and raise further
discussions on how scientific applications could possibly foster in the cloud

Google Apps
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TG Science
Portal
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Google
AppEngine

Windows
Azure

PaaS
Amazon Elastic
MapReduce
Bio
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FIGURE 13.1. Cloud taxonomy and application examples: Clouds provide services at
different levels (IaaS, PaaS, SaaS). The amount of control available to users and
developers decreases with the level of abstraction. According to their deployment model,
clouds can be categorized into public and private clouds.

13.2

A CLASSIFICATION OF SCIENTIFIC APPLICATIONS AND SERVICES IN THE CLOUD

351

environment. Although our taxonomy is targeted toward specific cloud
environments, we strongly believe that a scientific application should and
must remain interoperable regardless of the execution backend or the initial
development infrastructure.
The identification of how cloud application services fit into the layers may
allow software developers to better comprehend the nature of parameters
introduced in each layer. Such an assumption could lead into easier and more
efficient implementation of cloud-operable scientific applications. Research
work from the traditional cluster/grid era systems has already determined
important features like scalability, extensibility, and high availability that
should play an integral role in a distributed application’s core functionality.
Before we discuss scientific cloud applications in Section 13.3, here we will
explain the details of the layers in the cloud model.
13.2.1

Software as a Service (SaaS) Layer

The software as a service layer is the highest layer in the proposed model. SaaS
provides ready-to-run services that are deployed and configured for the user. In
general, the user has no control over the underlying cloud infrastructure with
the exception of limited configuration settings. Regarding scientific applications, such a layer may represent an access point for the end user to reach a
service, like a portal or a visualization tool. Scientific portals have been used by
many grid services.
A strong characteristic of SaaS services is that there is no client side software
requirement. All data manipulated in such systems are held in remote infrastructures where all the processing takes place. One of the most prominent
advantages of applications that are presented in this layer is universal
accessibility regardless of the client system’s software availability. This scheme
provides flexibility to the end user and transparency of any complex mechanism
involved. Some widely used examples of services that belong to this category
are Google Apps and Salesforce. A prominent example from the science
community is the TeraGrid Science Gateways [5].
These gateways provide among other things several domain specific web
portals, which can be used to access computational and data services.
13.2.2

Platform as a Service (PaaS) Layer

The Platform as a Service (PaaS) layer provides the capability to deploy custom
applications on the cloud providers infrastructure. These applications are
developed using the programming languages and APIs defined by the cloud
provider. Similar to SaaS, the user has only limited control over the underlying
cloud infrastructures: He can deploy and configure applications created using
the vendor’s programming environment. The process of implementing and
deploying a cloud application becomes more accessible while allowing the
programmer to focus on important issues like the formulation of the scientific
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algorithm. A developer does not have to worry about complex programming
details, scalability, load balancing, or other system issues that may hinder the
overall process of building an application. All such criteria are already specified
by the given API that abstracts underlying architectural parameters.
A well-known PaaS example is the Google App Engine [6] that equips
developers with a Python and Java API and runtime environment for the
implementation of web applications. Windows Azure [7] is Microsoft’s PaaS
platform and offers different types of runtime environments and storage
services for applications. While, in particular, Google App Engine is primarily
geared toward Web applications (such as science portals), Windows Azure is
also well-suited for compute- and data-intensive applications. Watson et al. [8]
use Windows Azure—in particular the data storage and VM execution
environment—to conduct data mining for computational drug discovery.
Another PaaS abstraction that is used for parallel processing of large
amounts of data is MapReduce (MR) [9]. The framework solely requires the
user to define two functions: the map and the reduce function. Both functions
operate on key/value pairs: The map function transforms an input key/value
pair representing a data row to an output key/value pair; the reduce function is
used to merge all outputs of the map functions. Generally, the MapReduce
framework handles all complexities and orchestrates the distribution of the
the data as well as of the map and reduce tasks. Hadoop [10] is a wellknown example of an open-source MapReduce framework. Amazon’s Elastic
MapReduce [11] provides a hosted MapReduce service.
Another example of an environment for data-intensive computing is
Microsoft Dryad [12]. The framework allows the programmer to efficiently
use resources for running data parallel applications. In Dryad a computation
has the form of a directed graph (DAG), where the program instances that
compose the computation are represented as graph vertices and the one-way
communication channels between the instances are represented as graph edges.
The Dryad infrastructure includes computational frameworks like Google’s
MapReduce. A port of Dryad to Windows Azure is planned, but at the time of
writing is not available.
PaaS clouds provider higher-level abstractions for cloud applications, which
usually simplifies the application development process and removes the need to
manage the underlying software and hardware infrastructure. PaaS offers
automatic scalability, load balancing, and failure tolerance. However, the
benefits are also associated with some drawbacks: Generally, PaaS services
usually provide highly proprietary environments with only limited standard
support. App Engine, for example, supports parts of the Java Enterprise API,
but uses a custom BigTable-based [13] data store.
13.2.3

Infrastructure-as-a-Service Layer

The infrastructure-as-a-service (Iaas) layer provides low-level, virtualized
resources, such as storage, networks, and other fundamental computing
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resources via self-services to the user. In general, the user can deploy and run
arbitrary software, which usually includes operating systems as well as
applications. However, the user has no knowledge of the exact location and
specifics of the underlying physical resources. Cloud providers usually offer
instant elasticity; that is, new resources can be rapidly and elastically provisioned to scale-up or scale-out applications dynamically.
Computational cloud resources are represented through virtual machine
instances (VMs), where the user is usually granted full administrative access
and has the ability to build and deploy any kind of service infrastructure. Such
VMs usually come with an OS already installed. The developer may choose a
VM to rent that has the OS she wants. Amazon EC2 [14] is the prime example
of such a service and currently offers a variety of VM images, where one may
choose to work on a Windows platform or on some Linux-based platforms.
The developer can further configure and add extra libraries to the selected OS
to accommodate an application. Rackspace [15] and GoGrid [16] provide
similar services. Eucalyptus [17] and Nimbus [18] offer EC2 compatible
infrastructures, which can be deployed in-house in a private cloud. Several
scientific clouds utilize these frameworks—for example, Science Cloud [19] and
Future Grid [20].
VMs are provided to the user under SLAs, where the cloud provider
guarantees a certain level of system’s performance to their clients. They usually
involve fees on behalf of the user utilizing the leased computational resources,
while open source/research cloud infrastructures don’t include any financial
requirement. When a team of scientists rents some virtual resources to run their
experiments, they usually also lease data storage to store their data/results
remotely and access them within the time limits of their agreement with the
service provider. Examples of public cloud storage service are Amazon S3 [21]
and Rackspace Cloud Files [22]. Walrus [23] is a S3 interface compatible
service, which can be deployed on private cloud infrastructures. Another
common cloud-like infrastructure is distributed file systems, such as the Google
File System (GFS) [24] and the Hadoop File System (HDFS) [25]. Both systems
are optimized for storing and retrieving large amounts of data.
13.2.4

Discussion of Cloud Models

Several scientific applications from different domains (e.g., life sciences, highenergy physics, astrophysics, computational chemistry) have been ported to
cloud environments (see references 26 28 for examples). The majority of these
applications rely on IaaS cloud services and solely utilize static execution modes:
A scientist leases some virtual resources in order to deploy their testing services.
One may select different number of instances to run their tests on. An instance of
a VM is perceived as a node or a processing unit. There can be a multiple number
of instances under the same VM, depending on the SLA one has agreed on. Once
the service is deployed, a scientist can begin testing on the virtual nodes; this is
similar to how one would use a traditional set of local clusters.
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Furthermore, most of this research has solely attempted to manually
customize legacy scientific applications in order to accommodate them into a
cloud infrastructure. Benchmark tests on both EC2 virtual instances and
conventional computational clusters indicated no significant difference in the
results with respect to total running time (wall clock) and number of processors
used. So far, there hasn’t been much discussions on implementing scientific
applications targeted to a cloud infrastructure. Such first-principle applications
require programatic access to cloud capabilities as dynamic provisioning in an
infrastructure-independent way to support dynamic execution modes.
In summary, clouds provide services at different levels (IaaS, PaaS, SaaS). In
general, the amount of control available to users and developers decreases with
the level of abstraction. Only IaaS provides sufficient programmatic control to
express decompositions and dynamic execution modes, which seems central
to many scientific applications.

13.3 SAGA-BASED SCIENTIFIC APPLICATIONS
THAT UTILIZE CLOUDS
In this chapter we take the scope of “cloud applications” to be those distributed
applications that are able to explicitly benefit from the cloud’s inherent
elasticity—where elasticity is a kind of dynamic execution mode—and from
the usage modes provided by clouds. This excludes those applications that are
trivially mapped to a small static set of small resources, which can of course be
provided by clouds but do not really capture the predominant advantages and
features of clouds.
Earlier work of the chapter authors [28] has shown that the Simple API for
Grid Applications (SAGA) [29] provides a means to implement first-principle
distributed applications. Both the SAGA standard [30] and the various SAGA
implementations [31,32] ultimately strive to provide higher-level programming
abstractions to developers, while at the same time shielding them from the
heterogeneity and dynamics of the underlying infrastructure. The low-level
decomposition of distributed applications can thus be expressed via the
relatively high-level SAGA API.
SAGA has been used to develop scientific applications that can utilize an
ever-increasing set of infrastructure, ranging from vanilla clouds such as EC2,
to “open source” clouds based upon Eucalyptus, to regular HPC and HTC
grids, as well to a proposed set of emerging “special-purpose” clouds. SAGA
has also been used in conjunction with multiple VM management systems such
as OpenNebula (work in progress) and Condor (established). In those cases
where the application decomposition properties can be well-mapped to the
respective underlying cloud and its usage usage modes (as discussed before), the
resulting applications are fit to utilize cloud environments. In other words, if
clouds can be defined as elastic distributed systems that support specific usage
modes, then it seems viable to expect explicit application level support for those
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usage modes, in order to allow applications to express that usage mode in the
first place.
If we now consider the variety of scientific applications (see reference 2), it
seems clear that (i) no single usage mode will be able to accommodate them all
and (ii) no single programming abstraction will be able to cover their full scope.
Instead, we see a continuum of requirements and solutions that try to map the
application structure to the specific distributed runtime environment. This is
exactly where SAGA tries to contribute: It provides a framework for implementing higher-level programming abstractions (where it does not provide
those abstractions itself), each expressing or demanding a certain usage mode.
The SAGA layer allows to abstract the specific way in which that usage mode is
provided—either implicitly by adding additional structure to the distributed
environment, or explicitly by exploiting support for that usage mode, for
example, the elasticity in a specific cloud.
This section will discuss several SAGA-based scientific cloud applications,
but we assert that the discussion holds just as well for applications that express
their decomposition in other ways programatically. We do not claim that
SAGA is the ultimate approach to develop cloud applications, but given our
experience so far, it at least seems to be a viable approach that allows
applications to directly benefit from the features that clouds, as specific
distributed environments, provide: (a) support for specific usage modes and
(b) elasticity of resources. Below we will present a number of examples that
illustrate and verify that approach.
13.3.1

MapReduce

As discussed in Section 13.2, MapReduce (MR) is a prominent example for a
PaaS: The MR framework allows users to (a) define their own specific map and
reduce algorithms and (b) utilize the respective PaaS infrastructure with its MR
supporting usage modes (elasticity, communication, etc.). With the emergence
of the currently observed broad spectrum of cloud infrastructures, it became,
however, necessary to implement the MR framework for each of them.
Furthermore, MR has traditionally not been heavily used by the scientific
computation community, so that efficient implementations on the “legacy” grid
and cluster platforms have been largely missing, which raises the barrier for
adoption of MR for scientific applications.
The SAGA MapReduce [33] provides a MR development and runtime
environment that is implemented using the SAGA. The main advantage of a
SAGA-based approach is that it is infrastructure-independent while still
providing a maximum of control over the deployment, distribution, and
runtime decomposition. In particular, the ability to control the distribution
and placement of the computation units (workers) is critical in order to
implement the ability to move computational work to the data. This is required
to keep data network transfer low and, in the case of commercial clouds, the
monetary cost of computing the solution low.
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SAGA-based MapReduce
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FIGURE 13.2. SAGA MapReduce framework. A master-worker paradigm is used to
implement the MapReduce pattern. The diagram shows several different infrastructure
options that can be utilized by the application.

Figure 13.2 show the architecture of the SAGA MR framework. Several
SAGA adaptors have been developed to utilize SAGA MapReduce seamlessly
on different grid and cloud infrastructures [28]. For this purpose, adaptors for
the SAGA job and file package are provided. The SAGA job API is used to
orchestrate mapping and reduction tasks, while the file API is utilized to access
data. In addition to the local adaptors for testing, we use the Globus adaptors
for grids and the AWS adaptors for cloud environments. Furthermore, we
provide various adaptors for cloud-like infrastructure, such as different opensource distributed file systems (e.g., HDFS [25] and CloudStore [34]), and key/
value stores (e.g., HBase [35]).
Tables 13.2 and 13.3 show some selected performance data for SAGA
MapReduce; further details can be found in references 28 and 33. These tests
established interoperability across a range of distinct infrastructure concurrently. Ongoing work is currently adding dynamic resource placement and job
management to the framework, and it is also experimenting with automated
data/compute colocation. The SAGA-based MapReduce implementation has
shown to be easily applicable to sequence search applications, which in turn can
make excellent use of the MapReduce algorithm and of a variety of middleware
backends.

13.3.2

SAGA Montage

Montage [36, 37], an astronomical image mosaicking application that is also
one of the most commonly studied workflow applications, has also been
studied [38] with SAGA. Montage is designed to take multiple astronomical
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TABLE 13.2. Performance Data for Different Configurations of Worker Placementsa
Number of workers
TeraGrid

AWS

4
—
—
—
—
—
—
—
—
—
—
—
—
—
—
—

—
1
2
3
4
4 (1)
4 (2)
2
4
10
4 (1)
4 (2)
6 (3)
8 (1)
8 (2)
8 (4)

Data
Size (MB)

TS
(sec)

TSpawn
(sec)

TS 2
TSpawn (sec)

10
10
10
10
10
10
10
100
100
100
100
100
100
100
100
100

8.8
4.3
7.8
8.7
13.0
11.3
11.6
7.9
12.4
29.0
16.2
12.3
18.7
31.1
27.9
27.4

6.8
2.8
5.3
7.7
10.3
8.6
9.5
5.3
9.2
25.1
8.7
8.5
13.5
18.3
19.8
19.9

2.0
1.5
2.5
1.0
2.7
2.7
2.1
2.6
3.2
3.9
7.5
3.8
5.2
12.8
8.1
7.5

a

The master places the workers either on clouds or on the TeraGrid (TG). The configurations,
separated by horizontal lines, are classified as either all workers on the TG or having all workers on
EC2. For the latter, unless otherwise explicitly indicated by a number in parentheses, every worker
is assigned to a unique VM. In the final set of rows, the number in parentheses indicates the number
of VMs used. It is interesting to note the significant spawning times, and its dependence on the
number of VM, which typically increase with the number of VMs. TSpawn does not include
instantiation of the VM.

TABLE 13.3. Performance Data for Different Configurations of Worker Placements on
TG, Eucalyptus Cloud, and EC2.a
Number of Workers
TG

AWS

Eucalyptus

Size
(MB)

TS
(sec)

TSpawn
(sec)

TS 2
TSpawn (sec)

—
—
—
—
1
1
2
3
4
5
10

1
2
1
2
—
—
2
3
4
5
10

1
2
1
2
1
1
—
—
—
—
—

10
10
100
100
10
100
10
10
10
10
10

5.3
10.7
6.7
10.3
4.7
6.4
7.4
11.6
13.7
33.2
33.2

3.8
8.8
3.8
7.3
3.3
3.4
5.9
10.3
11.6
29.4
28.8

1.5
1.9
2.9
3.0
1.4
3.0
1.5
1.6
2.1
3.8
2.4

a

The first set of data establishes cloud cloud interoperability. The second set (rows 5 11) shows
interoperability between grids and clouds (EC2). The experimental conditions and measurements
are similar to those in Table 13.2.
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images (from telescopes or other instruments) and stitch them together into a
mosaic that appears to be from a single instrument.
Montage initially focused on being scientifically accurate and useful to
astronomers, without being concerned about computational efficiency, and it is
being used by many production science instruments and astronomy projects
[39]. Montage was envisioned to be customizable, so that different astronomers
could choose to use all, much, or some of the functionality, and so that they
could add their own code if so desired. For this reason, Montage is a set of
modules or tools, each an executable program, that can run on a single
computer, a parallel system, or a distributed system. The first version of
Montage used a script to run a series of these modules on a single processor,
with some modules being executed multiple times on different data. A Montage
run is a set of tasks, each having input and output data, and many of the tasks
are the same executable run on different data, referred to as a stage.
Later Montage releases delivered two new execution modes, suitable for grid
and also cloud environments [40], in addition to sequentially execution. First,
each stage can be wrapped by an MPI executable that calls the tasks in that
stage in a round-robin manner across the available processors. Second, the
Montage workflow can be described as a directed acyclic graph (DAG), and
this DAG can be executed on a grid. In the released version of Montage, this
is done by mDAG, a Montage module that produces an abstract DAG (or
A-DAG, where abstract means that no specific resources are assigned to
execute the DAG), Pegasus [41, 42], which communicates with grid information
systems and maps the abstract DAG to a concrete resource assignment,
creating a concrete DAG (or C-DAG), and DAGMan [43], which executes
C-DAG nodes on their internally specified resources.
The generality of Montage as a workflow application has led it to become an
exemplar for those in the computer science workflow community, such as those
working on: Pegasus, ASKALON [44], quality-of-service (QoS)-enabled
GridFTP [45], SWIFT [46], SCALEA-G [47], VGrADS [48], and so on.
A lot of interesting work has been done around the accommodation of
workflow and generally data-intensive applications into the cloud. Such applications have a large amount and number of data dependencies, which are usually
represented using a DAG to define the sequence of those dependencies. Different
approaches have been used to test how well a traditional application like
Montage could fit in and utilize virtual resources without compromising any
of its functionality or performance [49], including a SAGA-based workflow
system, called “digedag,” has been developed. This allows one to run Montage
applications on a heterogeneous set of backends, with acceptable performance
penalties [38]. Individual nodes of Montage workflows are usually sequential
(i.e., nonparallel) computations, with moderate data input and output rates.
Those nodes thus map very well to resources that are usually available in
today’s IaaS clouds, such as AWS/EC2 or Eucalyptus. SAGA-based Montage workflows can thus seamlessly scale out, and simultaneously span grid,
cloud, and cluster environments. It must be noted that workflows with other
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TABLE 13.4. Execution Measurements

#

Resources

1
2
3
4
5
6
7
8
9
10
11
12
13

L
L
L
L
L
L
L
Q
E
E, Q
L, Q, E
L
P

Middleware
F
S
C
F, S
F, C
F, C
F, S, C
S
A
S, A
F, S, A
D
D

Walltime
(sec)

Standard
Deviation
(sec)

Difference
from
Local (sec)

68.7
131.3
155.0
89.8
117.7
133.5
144.8
491.6
354.2
363.6
409.6
168.8
309.7

9.4
8.7
16.6
5.7
17.7
32.5
18.3
50.6
23.3
60.9
60.9
5.3
41.5

—
62.6
86.3
21.1
49.0
64.8
76.1
422.9
285.5
294.0
340.9
100.1
241.0

Resources: L, local; P, Purdue; Q, Queen Bee; E, AWS/EC2
Middleware: F, FORK/SAGA; S, SSH/SAGA; A, AWS/SAGA; C, Condor/SAGA; D, Condor/
DAGMan.

compute/data characteristics could not be mapped onto cloud resources
prevalent today: The usage modes supported by AWS/EC2 and the like do
not, at the moment, cover massive parallel applications, low-latency pipeline,
and so on.
Table 13.4 gives the results (mean 1 standard deviation) for several SAGA
Montage experiments. The AWS/EC2 times (#9, #10, #11) are cleared of the
EC2 startup times—those are discussed in detail in reference 28. If multiple
resources are specified, the individual DAG nodes are mapped to the respective
resources in round-robin fashion. Note that the table also gives the times
for the traditional DAGMan execution to a local and a remote Condor pool
(#12, #13).
13.3.3

Ensemble of Biomolecular Simulations

Several classes of applications are well-suited for distributed environments.
Probably the best-known and most powerful examples are those that involve an
ensemble of decoupled tasks, such as simple parameter sweep applications [50].
In the following we investigate an ensemble of (parallel HPC) MD simulations.
Ensemble-based approaches represent an important and promising attempt to
overcome the general limitations of insufficient timescales, as well as specific
limitations of inadequate conformational sampling arising from kinetic trappings. The fact that one single long-running simulation can be substituted for
an ensemble of simulations makes these ideal candidates for distributed
environments. This provides an important general motivation for researching
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ways to support scale-out and thus enhance sampling and to thereby increase
“effective” timescales studied.
The physical system we investigate is the HCV internal ribosome entry site
and is recognized specifically by the small ribosomal subunit and eukaryotic
initiation factor 3 (eIF3) before viral translation initiation. This makes it a good
candidate for new drugs targeting HCV. The initial conformation of the RNA
is taken from the NMR structure (PDB ID: 1PK7). By using multiple replicas,
the aim is to enhance the sampling of the conformational flexibility of the
molecule as well as the equilibrium energetics.
To efficiently execute the ensemble of batch jobs without the necessity to queue
each individual job, the application utilizes the SAGA BigJob framework [51].
BigJob is a Pilot Job framework that provides the user a uniform abstraction to
grids and clouds independent of any particular cloud or grid provider that can be
instantiated dynamically. Pilot Jobs are an execution abstraction that have been
used by many communities to increase the predictability and time-to-solution of
such applications. Pilot Jobs have been used to (i) improve the utilization
of resources, (ii) reduce the net wait time of a collection of tasks, (iii) facilitate
bulk or high-throughput simulations where multiple jobs need to be submitted
which would otherwise saturate the queuing system, and (iv) implement application-specific scheduling decisions and policy decisions.
As shown in Figure 13.3, BigJob currently provides an abstraction to
grids, Condor pools, and clouds. Using the same API, applications can

Distributed Application
SAGA BigJob API
BigJob Cloud

BigJob TG

BigJob Condor

Application Layer
Physical Resource Layer
Nimbus/Amazon/
Eucalyptus Cloud

TeraGrid (Globus)

TeraGrid (Condor-G)

Front Node

Front Node

VM n
VM n
VM n
VM n

GRAM

GRAM

SSH

Node n

Node n

BJ Agent

Condor

FIGURE 13.3. An overview of the SAGA-based Pilot Job: The SAGA Pilot-Job API is
currently implemented by three different back-ends: one for grids, one for Condor, and
one for clouds.
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dynamically allocate resources via the big-job interface and bind sub-jobs to
these resources.
In the following, we use an ensemble of MD simulations to investigate
different BigJob usage modes and analyze the time-to-completion, TC, in
different scenarios.
Scenario A: TC for Workload for Different Resource Configurations. In
this scenario and as proof of scale-out capabilities, we use SAGA BigJob to run
replicas across different types of infrastructures. At the beginning of the
experiment a particular set of Pilot Jobs is started in each environment. Once
a Pilot Job becomes active, the application assigns replicas to this job. We
measure TC for different resource configurations using a workload of eight
replicas each running on eight cores. The following setups have been used:
Scenario A1: Resource I and III—Clouds and GT2-based grids.
Scenario A2: Resource II and III—Clouds and Condor grids.
Scenario A3: Resource I, II, and III—Clouds, GT2, and Condor grids.
For this experiment, the LONI clusters Poseidon and Oliver are used as grid
and Condor resources, and Nimbus is used as a cloud resource.
Figure 13.4 shows the results. For the first three bars, only one infrastructure
was used to complete the eight-replica workload. Running the whole scenario
in the Science Cloud resulted in a quite poor but predictable performance; the
standard deviation for this scenario is very low. The LONI resources are about
three times faster than the Science Cloud, which corresponds to our earlier
findings. The performance of the Condor and grid BigJob is similar, which can
be expected since the underlying physical LONI resources are the same. Solely,
a slightly higher startup overhead can be observed in the Condor runtimes.
In the next set of three experiments, multiple resources were used. For
Scenario A1 (the fourth bar from left), two replicas were executed on the
Science Cloud. The offloading of two replicas to an additional cloud resource
resulted in a light improvement of TC compared to using just LONI resources.
Thus, the usage of cloud resources must be carefully considered since TC is
determined by the slowest resource, that is, Nimbus. As described earlier, the
startup time for Nimbus images is, particularly for such short runs, significant.
Also, NAMD performs significantly worse in the Nimbus cloud than on
Poseidon or Oliver. Since the startup time on Nimbus averages to 357 sec
and each eight-core replica runs for about 363 sec, at least 720 sec must be
allowed for running a single replica on Nimbus. Thus, it can be concluded that
if resources in the grids or Condor pool are instantly available, it is not
reasonable to start additional cloud resources. However, it must be noted that
there are virtual machines types with a better performance available—for
example, in the Amazon cloud. These VMs are usually associated with higher
costs (up to $2.40 per CPU hour) than the Science Cloud VMs. For a further
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0
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LONI 8cr/6rp
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LONI 8cr/4rp
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Condor P.
Condor P. 8cr/3rp
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Sci. Cloud 8cr/1rp

Resource #cores/#replicas
FIGURE 13.4. Collective usage of grid, Condor, and cloud resources for workload of
eight replicas. The experiments showed that if the grid and Condor resource Poseidon
has only a light load, no benefits for using additional cloud resources exist. However, the
introduction of an additional Condor or grid resource significantly decreases TC.

discussion of cost trade-offs for scientific computations in clouds, see Deelman
et al. [52].
Scenario B: TC for Workload for Different Resource Configurations.
Given that clouds provide the illusion of infinite capacity, or at least queue
wait-times are nonexistent, it is likely that when using multiple resource types
and with loaded grids/clusters (e.g., TeraGrid is currently over-subscribed and
typical queue wait-times often exceed 24 hours), most sub-jobs will end up on
the cloud infrastructure. Thus, in Scenario B, the resource assignment algorithm we use is as follows: We submit tasks to non-cloud resources first and
periodically monitor the progress of the tasks. If insufficient jobs have finished
when time equal to TX has elapsed (determined per criteria outlined below),
then we move the workload to utilize clouds. The underlying basis is that clouds
have an explicit cost associated with them; and if jobs can be completed on the
TeraGrid/Condor-pool while preserving the performance constraints, we opt
for such a solution. However, if queue loads prevent the performance requirements from being met, we move the jobs to a cloud resource, which we have
shown has less fluctuation in TC of the workload.
For this experiment we integrated a progress manager that implements the
described algorithm into the replica application. The user has the possibility to
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TABLE 13.5. Usage of Cloud Pilot Jobs to Ensure Deadline
Result
No VM started
1 VM started
2 VMs started
3 VMs started

Number of
Occurrences

Average TC
(minutes)

6
1
1
2

7.8
36.4
47.3
44.2

specify a maximum runtime and a check interval. At the beginning of each
check interval, the progress manager compares the number of jobs done with
the total number of jobs and estimates the total number of jobs that can be
completed within the requested timeframe. If the total number of jobs is higher
than this estimate, the progress monitor instantiates another BigJob object
request additional cloud resources for a single replica. In this scenario, each
time an intermediate target is not met, four additional Nimbus VMs sufficient
for running another eight core replica are instantiated. Table 13.5 summarizes
the results.
In the investigated scenario, we configured a maximum runtime of 45 min
and a progress check interval of 4 min. We repeated the same experiment 10
times at different times of the day. In 6 out of 10 cases the scenario was
completed in about 8 minutes. However, the fluctuation in particular in the
waiting time on typical grid resources can be very high. Thus, in four cases, it
was necessary to start additional VMs to meet the application deadline. In two
cases, three Pilot Jobs each with eight cores had to be started, and in one case a
single Pilot Job was sufficient. In a single case the deadline was missed solely
because not enough cloud resources were available; that is, we were only able to
start two instead of three Pilot Jobs.

13.4

DISCUSSION

It is still unclear what the predominant usage mode of cloud infrastructures will
be. As shown, there are a large number of applications that are able to utilize
clouds, including both data-intensive applications (i.e., those that require datacompute affinity) and compute-intensive applications. While clouds can support different compute-intensive usage modes (e.g., distributed, tightly coupled
and loosely coupled applications), tightly coupled applications are less well
suited for clouds because current cloud infrastructures lack high-end, lowlatency interconnects. Another interesting type of application includes programs that are able to utilize clouds in addition to traditional grids in a hybrid
mode. Using dynamic and adaptive execution modes, the time-to-solution for
many applications can be reduced and exceptional runtime situations (e.g.,
failures or scheduling delays) can be handled.
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Developing and running applications on dynamic computational infrastructures such as clouds presents new and significant challenges. This includes the
need for programming systems such as SAGA, which is able to express the
different usage modes, associated runtime trade-offs, and adaptations. Other
issues include: decomposing applications, components and workflows; determining and provisioning the appropriate mix of grid/cloud resources, and
dynamically scheduling them across the hybrid execution environment while
satisfying/balancing multiple possibly changing objectives for performance,
resilience, budgets, and so on.
13.4.1

IDEAS Revisited

In computational science applications that utilize distributed infrastructure
(such as computational grids and clouds), dealing with heterogeneity and scale
of the underlying infrastructure remains a challenge. As shown in Table 13.6,
SAGA and SAGA-based abstractions help to advance the IDEAS design
objectives: Interoperability, Distributed scale-out, Extensibilty, Adaptivity and
Simplicity:
 Interoperability. In all three examples, application-level interoperability is
provided by the SAGA programming system. SAGA decouples applications from the underlying physical resources and provides infrastructureindependent control over the application deployment, decomposition, and
runtime execution.
 Distributed Scale-Out. SAGA-based applications and frameworks, such
as SAGA BigJob and Digedag, support the distributed scale-out of
applications to multiple and possibly heterogeneous infrastructures—for
example, different types of clouds and grids.
 Extensibility. The example clouds applications are extensible in several
directions; new functionality and usage modes can simply be incorporated
using SAGA. Additional distributed cloud and grid infrastructures can be
included by configuration using a different middleware adaptor.

TABLE 13.6. Design objectives addressed by the different applications: Interoperability,
infrastructure independence; Distributed Scale-Out, ability to use multiple distributed
resources concurrently; Extensibility, extensibility and general purpose uptake; Adaptivity, ability to respond to changes; and Simplicity, greater simplicity without sacrificing
functionality and performance.
Application
SAGA MapReduce
SAGA Montage
Biomolecular Ensemble

Distr.
Interoperability Scale-Out Extensibility Adaptivity Simplicity
Y
Y
Y

Y
Y
Y

Y
Y
Y

Y

Y
Y
Y
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 Adaptivity. Distributed applications that utilize SAGA are able to
explicitly benefit from the cloud properties such as elasticity and to pursue
dynamic execution modes. Examples of such usage mode include the
usage of additional resources to meet a deadline or to meet an increased
resource demand due to a certain runtime condition.
 Simplicity. SAGA provides a simple, high-level programming abstraction
to express core distributed functionality. Simplicity arises from the fact
that the API is very focused and reduced to the most essential
functionalities.

13.4.2 Interoperability of Scientific Applications across
Clouds and HPC/Grids
It is still unclear what kind of programming models and programming systems
will emerge for clouds. It has been shown that traditional distributed applications can be easily ported to IaaS environments. The nature of applications as
well as the provided system-level interfaces will play an important role for
interoperability. While several technical infrastructure features, as well as
economical policies, influence the design of programming models for the cloud
era, it is important for effective scientific application development that any such
system should not be constrained to a specific infrastructure—that is, it should
support infrastructure interoperability at the application-level.
The SAGA programming system provides a standard interface and can
support powerful programming models. SAGA allows application developers
to implement common and basic distributed functionality, such as application
decomposition, distributed job submission, and distributed file movement/
management, independently of the underlying infrastructure. The SAGA cloud
adaptors provide the foundation for accessing cloud storage and compute
resource via the SAGA API. The ability to design and develop applications in
an infrastructure-independent way leads to new kinds of application, such as
dynamic applications. Such applications have dynamic runtime requirements
and are able to adapt to changing runtime environments and resource
availabilities. SAGA provides developers with new capability while introducing
a new set of challenges and trade-offs. Application developers are, for
example, able to utilize new execution modes in conjunction with “traditional”
distributed applications but must, however, consider new trade-offs, for
example, when selecting a resource.
The MapReduce programming model has exemplified a novel way to
construct distributed applications for the cloud. It has been perceived as a
programming pattern to lead the implementation of some future scientific
applications. There has been a lot of testing on simple applications performing
map and reduce computations on VMs as well as on traditional local clusters in
order to first verify the scalability of performance that the proposed model
successfully offers and then, most importantly, guarantee interoperability
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between VMs and local clusters for a given application. As shown, SAGA
MapReduce is able to run across different cloud and cloud-like back-end
infrastructures.
As highlighted earlier, SAGA provides the basis for dynamic applications.
Such applications greatly benefit from the ability of clouds to dynamically
provision resources. The biomolecular ensemble application, for example,
easily scales out to cloud and grid infrastructures and is able to utilize
additional cloud resources to ensure the progress toward a deadline. Furthermore, SAGA enables applications and higher-level frameworks such as BigJob
to deploy dynamic schedulers that determine the appropriate mix of cloud/grid
resources and are able to adaptively respond to special runtime situations, such
as faults.
Similarly, the development of workflow applications such as SAGA Montage can be both simple and efficient using the right tools. While SAGA
Montage can easily be run across grid and clouds, the current version follows a
traditional static execution model. In the future, the decision of where to run
Montage components should be made at runtime, taking into account the
current system and network utilization. Furthermore, capabilities, such as the
ability to dynamically reschedule tasks, should be considered.
13.4.3

Application Performance Considerations

Undoubtedly, the most important characteristic for the establishment of a
scientific application is its overall performance. There are proposals on
including HPC tools and scientific libraries in EC2 AMIs and have them ready
to run on request. This might lead to re-implementing some HPC tools and
deploying public images on Amazon or other vendors specifically for scientific
purposes (e.g., the SGI Cyclone Cloud [53]). Still, in order to include ready-touse MPI clusters on EC2, there are several challenges to be met: The machine
images must be manually prepared, which involves setting up the operating
system, the application’s software environment and the security credentials.
However, this step is only initially required and comparable with moving an
application to a new grid resource. Furthermore, the virtual machines must be
started and managed by the application. As shown, several middleware
frameworks, such as BigJob, are already able to utilize and manage cloud
resources taking the burden off the application. Depending on the cloud
infrastructure used, the spawning of VMs usually involves some overhead for
resource allocation and for staging the VM to the target machine. At the end of
the run, the results must be obtained and stored persistently, and the cluster
must be terminated.
Another concern that scientists have to deal with in a cloud environment are
different computational overheads as well as high and sometimes unpredictable
communication latencies and limited bandwidths. For applications that are
HPC applications, where the coupling of communication and computation is
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relatively tight and where there is relatively frequent communication including
global communication, clouds can be used, but with added performance
overhead, at least on today’s clouds. These overheads have various sources,
some of which can be reduced. How much of this overhead must exist and will
exist in the future is unclear.
There are two types of overhead: (i) added computational overhead of a VM
and (ii) communication overhead when communicating between VMs. The first
type of overhead results from the use of VMs and the fact that the underlying
hardware is shared. While clouds nowadays deploy highly efficient virtualization solutions that impose very low overheads on applications (see reference
51), unanticipated load increases on the cloud providers infrastructure can
affect the runtime of scientific applications. The communication overhead
mainly results from the fact that most clouds do not use networking hardware
that is as low-overhead as that of dedicated HPC systems. There are at least two
routes to parallelism in VMs. The first is a single VM across multiple cores; the
second is parallelism across VMs. The latter type is especially affected from
these communication overheads; that is, tightly coupled workloads (e.g., MPI
jobs) are likely to see a degraded performance if they run across multiple VMs.
Also, the common perception of clouds does not include the ability to
co-locate different parts of a single application on a single physical cluster.
Again, some of this network-related overhead can be reduced. At the time of
writing this chapter, it is unclear to the authors if there is community consensus
on what the performance of HPC applications on clouds is expected to be
compared to bare-metal, whether the future model is that of a single VM over
multiple-cores, or if there will be an aggregation of multiple VMs to form a
single application, and thus importantly it is unclear what the current limitations on performance are. Additionally, there is also work in progress to
develop pass-through communication and I/O, where the VM would not add
overhead, though this is not yet mature.

13.5

CONCLUSIONS

As established earlier, both cloud and grid applications are incarnations of
distributed applications. Applications require only small modifications to run
on clouds, even if most of them only utilize “legacy” modes; that is, they usually
run on a set of static resources [54]. Additionally, cloud applications are
generally able to take advantage of existing abstractions and interfaces.
With the emergence of clouds and a general increase in the importance of
data-intensive applications, programming models for data-intensive applications have gained significant attention; a prominent example is MapReduce. It
is important to remember that these are not grid- or cloud-specific programming models; they can be used in either or both contexts. Most applications can
in principle use either a grid or a cloud; whether they use a grid or a cloud is
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dependent upon the level of control and decomposition that needs to be
asserted and/or retained. Additional factors that determine this decision
include the offering of the programming model, as well as a mapping to the
capabilities of infrastructure that addresses the desired affinities, such as
compute communication and compute data affinities [54].
The usability and effectiveness of a programming model is dependent upon
the desired degree of control in the application development, deployment, and
execution. To efficiently support coordinated execution across heterogeneous
grid and cloud infrastructures, programming tools and systems are required.
It is important to ensure that such programming systems and tools provide
open interfaces and support the IDEAS design objectives. Furthermore,
these tools must address the cloud’s inherent elasticity and support applications with dynamic resource requirements and execution modes. Programming
systems such as SAGA provide developers with ability to express application
decompositions and coordinations via a simple, high-level API. Having
established that cloud applications are conceptually akin to grid applications,
we have shown, via several scientific applications, how SAGA has proven to be
a programming system to develop applications that can utilize grids and clouds
effectively.
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