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Modern parallel scienti¯c computation is being performed in a wide variety
of computational environments that include clusters, large-scalesupercomputers,
grid environments, and metacomputing environments. This presents challengesfor
application and library developers, who must develop architecture-aware software
if they wish to utilize several computing platforms e±ciently .

Architecture-aware computation can be bene¯cial in single-processorenviron-
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ments. It takesthe form of somethingascommonasan optimizing compiler, which
will optimize software for a target computer. Application and library developers
may adjust data structures or memory management techniques to improve cache
utilization on a particular system [21].

Parallel computation intro ducesmore variety, and with that, more needand
opportunit y for architecture-speci¯c optimizations. Heterogeneousprocessorspeeds
at ¯rst seemeasy to account for by simply giving a larger portion of the work to
faster processors,but assumptionsof homogeneousprocessorspeedsmay be well-
hidden. If all processorspeedsare the same,di®erencesbetweenuniprocessornodes
and symmetric multipro cessing(SMP) nodes may be important. Computational
and communication resourcesmay not be dedicated to one job, and the external
loadson the systemmay behighly dynamic and transient. Interconnectionnetworks
may be hierarchical, leading to non-uniform communication costs. Even if targeting
only homogeneoussystems,the relative speedsof processors,memory, and networks
may a®ectperformance. Heterogeneousprocessorarchitectures (e.g., Sparc, x86)
present challengesfor portable software development and data format conversions.
Someoperating systemsmay provide support for di®erent programming paradigms
(e.g., messagepassing, multithreading, priorit y thread scheduling, or distributed
shared memory). Resourcesmay also be transient or unreliable, breaking some
common assumptionsin, e.g., applications that use the MessagePassingInterface
(MPI) standard [37]. Finally, scalability is a concern, in that what works well for a
cluster with dozensof processorswill not necessarilywork well for a supercomputer
with thousands of processors,or in a grid environment [34] with extreme network
hierarchies.

Many decisionsthat softwaredeveloperscanmakemay bea®ectedby their tar-
get architectures. The choicescan be algorithmic, such aswhen choosinga solution
method that lends itself better to sharedmemory/multithreading or to distributed
memory/messagepassing, as appropriate. The choice of parallelization paradigm
a®ectsportabilit y and e±ciency. The single-program multiple-data (SPMD) with
messagepassingapproach is often usedbecauseMPI is widely-available and highly
portable. However, this portabilit y may come at the expenseof e±ciency. Other
options include shared memory/multithreading [16, 55], a hybrid of SPMD with
multithreading [8], the actor/theater model [1], and the Bulk Synchronous Par-
allel (BSP) [63] model. Parallelization can be achieved by a \bag-of-tasks" mas-
ter/w orker paradigm, domain decomposition, or pipelining. Computation and/or
communication can be overlapped or reorderedfor e±ciency in somecircumstances.
A programmer may chooseto replicate data and/or computation to eliminate the
needfor somecommunication. Small messagescan be concatenatedand large mes-
sagescan be split to achieve an optimal messagesize, given the bu®er sizesand
other characteristics of a particular interconnect [58]. Communication patterns can
be adjusted. The computation can be made to use an optimal number of proces-
sors, processes,or threads, given the characteristics of the application and of the
computing environment [20]. Partitioning and dynamic load balancing procedures
can make tradeo®sfor imbalance vs. communication minimization, or can adjust
optimal partition sizes,and can partition to avoid communication acrossthe slowest
interfaces[29, 84].
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Any architecture-aware computation must have knowledge of the computing
environment, knowledgeof software performancecharacteristics, and tools to make
useof this knowledge. The computing environment may comefrom a manual spec-
i¯cation or may be discovered automatically at run time. Computing environment
performance characteristics can be discovered through a priori benchmarking, or
by dynamic monitoring. Software performancecharacteristics can be basedon per-
formancemodels or on studies that compareperformance.

Software can use such knowledge of the computing environment at any of a
number of the common levels of abstraction. Compiler developers and low-level
tool developers (e.g., MPI implementers) can make architecture-aware optimiza-
tions that are applicable to a wide range of applications. Other tool developers,
such as those designingand implementing partitioners and dynamic load balancers
or numerical libraries, can make their software architecture aware and bene¯t all
usersof the libraries. Middleware systemscanmake architecture-aware adjustments
to computations that use them. Application programmerscan make high-level de-
cisions in an architecture-aware manner, e.g., through their choice of programming
languagesand parallel programming paradigm, by adjusting memory management
techniques, or by adjusting the parametersand frequency of dynamic load balanc-
ing.

This paper describesseveral e®ortsthat were presented at a minisymposium
on architecture-aware parallel computing at the Eleventh SIAM Conferenceon Par-
allel Processingfor Scienti¯c Computing (San Francisco,2004). The ¯rst approach,
the Prophesy framework by Taylor, et al., analyzesthe performanceof applications
running in parallel and distributed environments (Section 1). Section 2 describes
Baden's work on canonical variant programming and on computation and commu-
nication scheduling. Next, the work of Lacour, et al., on topology-aware collective
communication in the grid-enabled MPI implementation, MPICH-G2, is described
(Section 3). Dynamic load balancing for heterogeneousand hierarchical systemsis
describednext, including work by Faik, et al. (Section4), Teresco,et al. (Section5),
and Parashar, et al. (Section 6). Finally, Varela's approach to \w orldwide com-
puting" shows how a middleware layer can help managea computation in a widely
distributed and highly dynamic and transient computing environment (Section 7).

1 Prophesy: A Performance Analysis and Mo deling
System for Parallel and Distributed Applications

1

Today's complex parallel and distributed systems require tools to gain in-
sight into the performance of applications executed on such environments. This
section presents the web-basedProphesy system2 [95, 96], a performanceanalysis
and modeling infrastructure that helps to provide this neededinsight. Prophesy
automatically instruments application software, records performancedata, system
featuresand application details in a performancedatabase,and providesautomated

1Primary section author: Taylor, with Xingfu Wu and Rick Stevens
2http://prophesy.cs.tamu.edu
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modeling techniques to facilitate the analysisprocess.Prophesycan be usedto de-
velop modelsbasedupon signi¯cant data, identify the most e±cient implementation
of a given function basedupon the given system con¯guration, explore the various
trends implicated by the signi¯cant data, and predict software performance on a
di®erent system.

Figure 1. Prophesyframework.

Prophesy consistsof three major components: data collection, data analysis,
and central databases(Figure 1). The data collection component focuseson the
automated instrumentation and application code analysis at the granularit y levels
of basic blocks, procedures, and functions. Execution of the instrumented code
gathers a signi¯cant amount of performance information for automated inclusion
in the performancedatabase. Manual entry of performancedata is also supported.
Performancedata can then be usedto gain insight into the performancerelationship
among the application, hardware, and system software.

An application goes through three stages to generate an analytical perfor-
mancemodel: (i ) instrumentation of the application, (ii ) performancedata collec-
tion, and (iii ) model development using optimization techniques. These models,
when combined with data from the system database, can be used by the predic-
tion engineto predict the performancein a di®erent computing environment. The
Prophesy infrastructure is designed to explore the plausibilit y and credibilit y of
various techniques in performanceevaluation (e.g., scalability, e±ciency, speedup,
performancecoupling between application kernels, etc.) and to allow usersto use
various metrics collectively to bring performanceanalysisenvironments to the most
advancedlevel.

The Prophesy databasemust accommodate queriesthat lead to the develop-
ment of performancemodels, allow for prediction of performanceon other systems,
and allow for one to obtain insight into methods to improve the performanceof the
application on a given distributed system. Hence,the databasemust facilitate the
following query types:
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² Identify the best implementation of a given function for a given system con-
¯guration (identi¯ed by the run-time system, operating system, processor
organization, etc.). This can be implemented by querying the database for
comparisonof performancedata on di®erent systems.

² Use the raw performance data to generate analytical (nonlinear or linear)
models of a given function or application; the analytical model can be used
to extrapolate the performanceunder di®erent systemscenariosand to assist
programmers in optimizing the strategy or algorithms in their programs.

² Use the performancedata to analyzeapplication-system trends, such as scal-
abilit y, speedup, I/O requirements, communication requirements, etc. This
can be implemented by querying the databaseto calculate the corresponding
formula.

² Use the performance data to analyze user-speci¯c metrics such as coupling
betweenfunctions.

The Prophesydatabasehasa hierarchical organization, consistent with the hi-
erarchical structure of applications. The entities in the databaseare organizedinto
four areas: (i ) Application information. This includes entities that give the appli-
cation name,versionnumber, a short description, owner information and password.
Data are placed into theseentities when a new application is being developed. (ii )
Executable information. This includes all of the entities related to generating an
executableof an application. These include details about compilers, libraries and
the control °ow, and aregiven for modulesand functions. Data areplacedinto these
entities when a new executableis generated. (iii ) Run information. This includes
all of the entities related to running an executable. These are primarily details
about the program inputs and the computing environments used. Data are placed
into these entities for each run of a given executable. (iv ) Performance statistics
information. This includes all of the entities related to the raw performancedata
collected during execution. Performancestatistics are collected for di®erent granu-
larities (e.g., application, function, basic unit, and data structure performance).

The Prophesyautomated model builder automatically generatesperformance
models to aid in performanceanalysis and evaluation of a given application or ex-
ecution environment. Prophesysupports two well-establishedmodeling techniques:
curve ¯tting and parameterization, plus a composition method developed by the
Prophesy research group [79, 80]. Curve Fitting usesoptimization techniques to
develop a model. The model builder usesa least squares¯t on the empirical data
in the Prophesy databasespeci¯ed by the user to generatethe model. The models
it generatesare generally a function of some input parameters of the application
and the number of parameters. The system performance terms are clustered to-
gether with the coe±cients determined by the curve ¯tting; such parameters are
not exposed to the user. The advantage of this method is the fact that only the
empirical data is neededto generate the models; no manual analysis is required.
The parameterization method combines manual analysis of the code with system
performancemeasurements. The manual analysis requireshand-counting the num-
ber of di®erent operations in kernels or functions that are generally 100 lines of
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code or less. The manual analysis is used to produce an analytical equation with
terms that represent the application and the execution environment, allowing users
to explore di®erent application and execution environment scenarioswith parame-
terized models. The manual analysisstep is the only drawback, but this step is done
only once per kernel. The composition modeling technique attempts to represent
the performanceof an application in terms of its component kernels or functions.
Thesekernel performancemodels are combined to develop the full application per-
formance models. It is extremely useful to understand the relationships between
the di®erent functions that compose the application, determining how one kernel
a®ectsanother (i.e., whether it is a constructive or a destructive relationship). Fur-
ther, this information should be able to be encapsulatedinto a coe±cient that can
be used in a performancemodel of the application. In [79], the advantages of us-
ing the coupling values to estimate performanceare demonstrated using the NAS
Parallel Benchmarks [10]. For BT (Block Tridiagonal) dataset A, the four kernel
predictor had an averagerelative error of 0.79%, while merely summing the times
of the individual kernels resulting in an averagerelative error of 21.80%.

Prophesy includes automatic instrumentation of applications, a database to
hold performance and context information, and an automated model builder for
developing performancemodels, allowing users to gain neededinsights into appli-
cation performancebasedupon their experienceas well as that of others. Current
research is focusedon extending the tool to di®erent application communities.

2 Canonical Variant Programming and Computation
and Communication Scheduling

3

Application performance is sensitive to technological change, and an impor-
tant factor is that the cost of moving data is increasing relative to that of per-
forming computation. This e®ectis known as the \memory wall." A general ap-
proach for desensitizing performance to such change remains elusive. The result
can be a proliferation of program variants, each tuned to a di®erent platform and
to con¯guration-dependent parameters. These variants are di±cult to implement
owing to an expansionof detail encountered when converting a terse mathematical
problem description into highly tuned application software.

Ideally, there would exist a canonical program variant, from which all concrete
program variants unfold automatically, altering their behavior according to techno-
logical factors a®ectingperformance. There hasbeensomeprogressin realizing the
notion of canonical program variants through \self tuning software." Self tuning
software has proven highly successfulin managing memory hierarchy locality and
includes packagessuch as ATLAS [93], PhiPac [12], and FFTW [35]. The general
approach is to generatea search spaceof program variants, and to solve an opti-
mization problem over the search space.The crucial problem is how to optimize the
search space. Architecture cognizant divide and conquer [36] explored the notion
of separators for pruning search trees; these enable di®erent levels of the mem-

3Primary section author: Baden
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ory hierarchy to be optimized separately. A related approach is to customize the
sourcecode using semantic level optimizations, including telescopinglanguages[51],
Broadway [38], and ROSE [70]. Lastly, DESOBLAS takesa di®erent approach: it
performs delayed evaluation using task graphs [57].

Another manifestation of the memory wall is the increasedcost of interpro-
cessorcommunication in scalablesystems. Reformulating an algorithm to tolerate
latency is a di±cult problem owing to the needto employ elaborate data decomposi-
tions and to solve a scheduling problem. Becausean overlapped algorithm requires
that communication and computation be treated as simultaneous activities, com-
munication must be handled asynchronously [7, 9, 31, 76]. The resultant split phase
algorithms are ad-hoc and prone to error [8], even for the experiencedprogrammer,
and require considerableknowledgeabout the application. The resultant di±culties
have led to alternativ e actor-basedmodels of execution including: Mobile Object
Layer [23], Adaptiv e MPI [41], and Charm++ [45]. These models support shared
objects with asynchronous remote method invocation. Data motion is implicit in
method invocation. Other relevant work includes DMCS [22], which supports sin-
gle sided communication and active messages,and SMARTS, which usesa±nit y to
enhancememory locality by scheduling related tasks \back to back" [87].

A newproject calledTarragonhasbeenstarted at UCSD. Tarragonsupports a
non-bulk-synchronous,actor model of executionand is intended to simplify commu-
nication tolerant implementations. As with the other actor-basedmodels,Tarragon
employs data driven execution semantics [43], e.g., coarsegrain data°ow [6], to
managecommunication overlap under the control of a scheduler. The data-driven
model is attractiv e becauseit doesnot require the programmer to hardwire schedul-
ing decisionsinto application code in order to managecommunication overlap. As
with traditional data °ow [5, 25, 44] parallelism arisesamong tasks which are in-
dependent. Interdependent tasks are enabledaccording to the °ow of data among
them. A scheduler { rather than the application { determinesan appropriate way
to order computations.

A Tarragon Task Graph is interpreted as a logical grouping of an iteration
space,along with a partial ordering of that grouping. The tasks are not objects
as in Charm++ or Mobile Object Layer, but an abstract description of compu-
tation to be carried out. This abstraction enablesTarragon to realize pipelining
optimizations acrosstime-stepped simulations and to capture elaborate computa-
tional structures such as timestepped adaptive meshhierarchies, and distinguishes
it from other actor-based models. Tarragon also di®ers in another fundamental
way. Whereasthe other models support sharedobjects with asynchronous remote
method invocation, Tarragon does not support shared objects, and methods may
be invoked only locally. Data motion is explicit, re°ecting the Tarragon philosophy
of exposing such expensive operations to the programmer.

Tarragon supports the notion of parameterized scheduling, which hasthe prop-
erty that the scheduler can read attributes decorating the task graph. These at-
tributes come in the form of performance meta-data, a concept which as been ex-
plored jointly with Kelly and others in the context of cross-component optimiza-
tion [50]. Performancemeta-data may represent a variety of quantities, e.g., a±n-
it y, priorit y or other metrics. The programmer is free to interpret the meaning
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of meta-data, while the scheduler examinestheir relative magnitudes in order to
make decisions. Parameterizedscheduling di®ersfrom application-level scheduling
becauseapplication-dependent behavior can be expressedvia meta data alone, i.e.,
without having to change the scheduler. The °exibilit y o®eredby parameterized
scheduling signi¯cantly enhancesthe capability to explore alternativ e scheduling
policies and metrics.

As with Charm++ and other e®orts[82] Tarragon virtualizes computations.
That is, the workload is split such that each processorobtains many pieces of
work. Early results with a 3D elliptic solver using red-black relaxation have been
positive, with only modest overheadsobserved for virtualization factors of up to
nearly an order of magnitude [72]. Virtualization enhancesthe abilit y to overlap
communication via pipelining.

Tarragon is currently under development, and is being applied to a variety
of applications. We are also investigating compiler support for Tarragon using
the ROSE [70] compiler framework developed by Quinlan. ROSE is a tool for
building source-to-sourcetranslators realizing semantic level optimizations of C++
classlibraries, and canextract semantic information from libraries such asTarragon.
The resultant software will in e®ectbe a domain speci¯c language.

3 A Multi-Level Topology-Aware Approach to
Implementing MPI Collective Operations for
Computational Grids

4

Computational grids have a potential to yield a huge computational power.
Their utilization hasbeenmadea reality by grid accessmiddleware like the Globus
Toolkit 5, so more and more computational grids get deployed, as exempli¯ed by
such projects as NASA IPG, European DataGrid, NSF TeraGrid6. In a typical
grid, several sites are interconnected over a Wide-Area Network (WAN). Within
each site, a number of computers are connectedover a Local-Area Network (LAN).
Someof those computers may be gathered in clusters equipped with a very high-
performance network like Myrinet. Thus, computational grids raise many issues,
like heterogeneity in terms of computing resourcesand network links. As a grid
is made of geographically distributed resources,possibly spread acrosscontinents,
grid networks are inherently multi-layered, showing large network performancegaps
(bandwidth, latency) betweenevery communication network level.

In this context, someMPI applications needto achieve high performance. To
reach that goal, an e±cient MPI implementation must take into account the multi-
layerednature of the grid network. This is particularly true for the implementation
of MPI collective operations like MPI Bcast . Those functions involve several pro-
cessesrunning on a number of computers interconnectedover various networks with
di®erent performancecharacteristics.

4Primary section author: Lacour, with Nicholas Karonis and Ian Foster
5http://www.globus.org
6http://www.teragrid.org/
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Topology-unaware implementations of broadcast often make the simplifying
assumption that the communication times betweenall processpairs are equal. Un-
der this assumption, the broadcastoperation is often implemented using a binomial
tree. In the example of Figure 2, the broadcast operation from process0 to nine
other processesis completed in only four steps. This implementation is e±cient in
terms of performanceand load balancing as long as it is usedwithin a homogeneous
network with uniform performance.
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Figure 2. Broadcast using a binomial tree: processesare numbered from 0
(root) through 9, communication stepsare circled.

If the ten processesare split into two clusters (processes0 through 4 on one
cluster and processes5 through 9 on another), then a topology-unaware implemen-
tation of broadcast incurs three inter-cluster messagesover a lower performance
network (Figure 3). Existing two-level topology-aware approaches [42, 52] cluster
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Figure 3. Topology-unaware broadcast using a binomial tree: 3 inter-
cluster messages(bold arrows) and 6 intr a-cluster messages.

computersinto groups. In Figure 4, the root of the broadcast¯rst sendsthe message
to process5 in the remote cluster, then processes0 and 5 broadcast the message
within their respective clusters using a binomial-tree algorithm. This solution per-
forms all inter-cluster messaginḡ rst while alsominimizing inter-cluster messaging.

A computational grid like the one described above typically involvesmultiple
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Figure 4. Topology-aware broadcast: only one inter-cluster message(bold arrow).

sites and may also include multiple clusters at a single site. The NSF TeraGrid,
for example, has a 32-bit cluster and a 64-bit cluster both located at Argonne
National Laboratory. Such grids inducethree or morenetwork levels(i.e., wide-area,
local area, and intra-cluster) with di®erent network characteristics at each level. In
these grids, if the processesare grouped by clusters, the two-level topology-aware
approach will not minimize the number of inter-site messages.If, on the other hand,
the processesare instead grouped by sites, the two-level approach will not minimize
the number of inter-cluster messageswithin each site. A multi-level strategy is
needed,grouping the processes̄ rst by sites, and then by clusters in which both
inter-site and inter-cluster messagesare minimized.

Early performance evaluations [46] of the multi-lev el approach have shown
signi¯cant performance gains for the broadcast operation. Encouraged by those
results, eleven of the fourteen collective operations of the MPI-1 standard have
beenimplemented in a multi-lev el topology-aware manner in MPICH-G2 7 [47].

4 Dynamic Load Balancing for Heterogeneous
Environments

8

An attractiv e feature of clusters is the abilit y to expand their computational
power incrementally by incorporating additional nodes. This expansion often re-
sults in heterogeneousenvironments, as the newly-added nodes and interconnects
often have superior capabilities. This section focuseson the Dynamic Resource
Utilization Model (DRUM) 9 [29], which is a software library that provides support
for scienti¯c computation in heterogeneousenvironments. The current focus is on
providing information to enableresource-aware partitioning and dynamic load bal-
ancing proceduresin a manner that incurs minimal e®ort to set up, requires very

7http://www.globus.org/mpi/
8Primary section authors: Faik, Teresco, and Flahert y, with Luis G. Gervasio
9http://www.cs.williams.edu/drum
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few changesto applications or to dynamic load balancing procedures,and adjusts
dynamically to changing loads while intro ducing only small overheads.

A number of recent papers have addressedtheseand similar issues.Minyard
and Kallinderis [60] monitor process\w ait times" to assignelement weights that
are used in octree partitioning. Walshaw and Cross [91] couple a multilev el graph
algorithm with a model of a heterogeneouscommunication network to minimize a
communication cost function. Sinha and Parashar [75] use the Network Weather
Service(NWS) [94] to gather information about the state and capabilities of avail-
able resources;they compute the load capacity of each node as a weighted sum of
processing,memory, and communications capabilities.

DRUM incorporatesaggregatedinformation about the capabilities of the net-
work and computing resourcescomposingan executionenvironment. DRUM canbe
viewed asan abstract object that (i ) encapsulatesthe details of the execution envi-
ronment, and (ii ) provides a facilit y for dynamic, modular and minimally-in trusive
monitoring of the execution environment.

SP

SP

SP SP SP

Router

Router Router SMP

Router

Communication node

Processing node

SMPSMPSwitch

SP

SP SP

Figure 5. Tree constructed by DRUM to representa heterogeneous network.

DRUM addresseshierarchical clusters (e.g., clusters of clusters, or clusters
of multipro cessors)by capturing the underlying interconnection network topology
(Figure 5). The tree structure of DRUM leadsnaturally to a topology-driven, yet
transparent, execution of hierarchical partitioning (Section 5). The root of the tree
represents the total execution environment. The children of the root node are high
level divisions of di®erent networks connectedto form the total execution environ-
ment. Sub-environments arerecursively divided, accordingto the network hierarchy,
with the tree leavesbeing individual single-processor(SP) nodesor shared-memory
multipro cessing(SMP) nodes. Computation nodesat the leavesof the tree havedata
representing their relative computing and communication power. Network nodes,
representing routers or switches,have an aggregatepower calculated as a function
of the powers of their children and the network characteristics. The model of the
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executionenvironment is createdupon initialization basedon an XML ¯le that con-
tains a list of nodesand their capabilities and a description of their interconnection
topology. The XML ¯le can be generatedwith the aid of a graphical con¯guration
tool or may be speci¯ed manually.

Computational, memory and communication resourcecapabilities are assessed
initially using benchmarks, which are run a priori either manually or using the
graphical con¯guration tool. Capabilities may be updated dynamically by agents:
threads that run concurrently with the application to monitor each node's com-
munication tra±c, processingload and memory usage.Network monitoring agents
usethe net-snmp library 10 or kernel statistics to collect network tra±c information
at each node. An experimental version that interfaces with NWS has also been
developed. Processorand memory utilization are obtained using kernel statistics.
The statistics are combined with the static benchmark data to obtain a dynamic
evaluation of the powers of the nodes in the model.

DRUM distills the information in the model to a single quantit y called the
\p ower" for each node, which indicates the portion of the total load that should be
assignedto that node. For load-balancing purposes,a node's power is interpreted
as the percentage of overall load it should be assignedbased on its capabilities.
The power is computed asa weighted sum of processingand communication power,
each of which are computed basedon static benchmark and dynamic monitoring
information.

DRUM has been used in conjunction with the Zoltan Parallel Data Services
Toolkit [27, 28], which providesdynamic load balancing and related capabilities to a
wide range of dynamic, unstructured and/or adaptive applications, to demonstrate
resource-aware partitioning and dynamic load balancing for a heterogeneouscluster.
Given power valuesfor each node, any partitioning procedurecapableof producing
variable-sizedpartitions, including all Zoltan procedures,may be used to achieve
an appropriate decomposition. Thus, any applications using a load-balancing pro-
cedurecapableof producing non-uniform partitions can take advantage of DRUM
with little modi¯cation. Applications that already use Zoltan can make use of
DRUM simply by setting a Zoltan parameter, with no further changesneeded.

We conducted an experimental study in which we used DRUM to guide
resource-aware load balancing in the adaptive solution of a Laplace equation on
the unit square,using Mitc hell's Parallel Hierarchical Adaptiv e MultiLev el software
(PHAML) [62]. Runs were performed on di®erent combination of processorsof a
heterogeneouscluster. Figure 6 shows the relative change in execution time ob-
tained when DRUM is usedfor di®erent weights of the communication power. The
ideal relative changeis a theoretical value that would be obtained if partitions sizes
perfectly match nodes processingcapabilities and no inter-processcommunication
takesplace during the execution. The complete DRUM experimental study can be
found in [29].

10 http://www.net-snmp.org
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Figure 6. Ideal and achieved (using DRUM) relative changesin execu-
tion times compared to homogeneous partitioning for an adaptive calculation using
PHAML on di®erent processorcombinations.

5 Hierarchical Partitioning and Dynamic Load
Balancing

11

An e®ective partitioning or dynamic load balancing proceduremaximizese±-
ciency by minimizing processoridle time and interprocessorcommunication. While
someapplications can use a static partitioning throughout a computation, others,
such as adaptive ¯nite element methods, have dynamic workloads that necessi-
tate dynamic load balancing during the computation. Partitioning and dynamic
load balancing can be performed using recursive bisection methods [11, 74, 81],
space-¯lling curve (SFC) partitioning [15, 33, 61, 64, 66, 67, 68, 92] and graph
partitioning (including spectral [69, 74], multilev el [14, 39, 48, 90], and di®usive
methods [24, 40, 54]). Each algorithm has characteristics and requirements that
make it appropriate for certain applications; see[13, 85] for examplesand [83] for
an overview of available methods.

CPU0 CPU2CPU1 CPU3CPU0

Network

CPU2CPU1 CPU3

Node 0 Node 3

Each SMP independently
computes 4-way RIB partitioning

MemoryMemory

8 processes compute one
2-way ParMetis partitioning

Figure 7. Hierarchical balancing algorithm selection for two 4-way SMP
nodesconnected by a network.

11 Primary section author: Teresco
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Modern clusters, supercomputers, and grid environments often include hi-
erarchical interconnection networks. For hierarchical and heterogeneoussystems,
di®erent choicesof partitioning and dynamic load balancing proceduresmay be ap-
propriate in di®erent parts of the parallel environment. There are tradeo®sin execu-
tion time and partition quality (e.g., amount of communication needed,interprocess
connectivity, strictnessof load balance) [85] and somemay be more important than
others in somecircumstances.For example, considera cluster of symmetric multi-
processor(SMP) nodes connectedby Ethernet. A more costly graph partitioning
can be done to partition among the nodes, to minimize communication acrossthe
slow network interface, possibly at the expenseof somecomputational imbalance.
Then, a fast geometric algorithm can be used to partition to a strict balance, in-
dependently , within each node. This is illustrated in Figure 7. Such hierarchical
partitionings of a 1,103,018-element mesh used in a simulation of blood °ow in a
human aorta are presented in [59].

Hierarchical partitioning and dynamic load balancinghasbeenimplemented in
the Zoltan Parallel Data ServicesToolkit [27, 28]. Using Zoltan, application devel-
opers can switch partitioners simply by changing a run-time parameter, facilitating
comparisonsof the partitioners' e®ecton the applications. Zoltan's hierarchical
balancing implementation allows di®erent proceduresto be used in di®erent parts
of the computing environment [84]. The implementation utilizes a lightweight \in-
termediate hierarchical balancing structure" (IHBS) and a set of callback functions
that permit an automated and e±cient hierarchical balancing which can use any
of the proceduresavailable within Zoltan (including recursive bisection methods,
space-¯lling curve methods and graph partitioners) without modi¯cation and in
any combination. Hierachical balancing is invoked by an application the sameway
as other Zoltan procedures. Since Zoltan is data-structure neutral, it operates on
generic \ob jects" and interfaces with applications through callback functions. A
hierarchical balancing step beginsby building an IHBS, which is an augmented ver-
sion of the graph structure that Zoltan builds to make useof the ParMetis [49] and
Jostle [90] libraries, using the application callbacks. The hierarchical balancing pro-
cedurethen provides its own callback functions to allow existing Zoltan procedures
to be used to query and update the IHBS at each level of a hierarchical balanc-
ing. After all levels of the hierarchical balancing have been completed, Zoltan's
usual migration arrays are constructed and returned to the application. Thus, only
lightweight objects are migrated internally betweenlevels, not the (larger and more
costly) application data. Zoltan's hierarchical balancing can be useddirectly by an
application or be guided by the tree representation of the computational environ-
ment created and maintained by DRUM (Section 4).

Preliminary results applying hierarchical balancing to a parallel, adaptive sim-
ulation are promising [84]. A comparison of running times for a perforated shock
tube simulation [32] on a cluster of SMPs shows that while ParMetis multilev el
graph partitioning aloneoften achievesthe fastest computation times, there is some
bene¯t to using hierarchical load balancing where ParMetis is used for inter-node
partitioning and inertial recursive bisection is used within each node. Hierarchi-
cal balancing shows the most bene¯t in caseswhere ParMetis intro ducesa larger
imbalanceto reducecommunication.
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Studies are underway that utilize hierarchical balancing on larger clusters, on
other architectures, and with a wider variety of applications. Hierarchical balancing
may be most bene¯cial when the extreme hierarchies found in grid environments
are considered.

6 Autonomic Management of Parallel Adaptive
Applications

12

Parallel structured adaptivemeshre¯nement (SAMR) [65, 66] techniquesyield
advantageousratios for cost/accuracy comparedto methods basedon static uniform
approximations, and o®er the potential for accurate solutions of realistic models
of complex physical phenomena. However, the inherent space-timeheterogeneity
and dynamism of SAMR applications coupled with a similarly heterogeneousand
dynamic execution environment (such as the computational grid) present signif-
icant challenges in application composition, runtime management, optimization,
and adaptation. These challengeshave led researchers to consider alternate self-
managing autonomic solutions, which are based on strategies used by biological
systemsto addresssimilar challenges.

Figure 8. Conceptual Overview of GridARM.

GridARM [19] (Figure 8) is an autonomic runtime management framework
that monitors application behaviors and system architecture and runtime state,

12 Primary section author: Parashar
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and provides adaptation strategies to optimize the performanceof SAMR applica-
tions. The framework has three components: (i ) servicesfor monitoring resource
architecture and application dynamics, and characterizing their current state, ca-
pabilities, and requirements; (ii ) a deduction engine and objective function that
de¯ne the appropriate optimization strategy basedon runtime state and policies;
and (iii ) an autonomic runtime manager that is responsible for hierarchically par-
titioning, scheduling, and mapping application working-sets onto virtual resources,
and tuning applications within the grid environment.

The monitoring/c haracterization component of the GridARM framework con-
sistsof embeddedapplication-level and system-level sensors/actuators. Application
sensorsmonitor the structure and state of the SAMR grid hierarchy and the nature
of its re¯ned regions. The current application state is characterized in terms of
application-level metrics such as computation/communication requirements, stor-
agerequirements, activit y dynamics, and the nature of adaptations [77]. Similarly,
system sensorsbuild on existing grid servicessuch as NWS, and sensethe current
state of underlying computational resourcesin terms of CPU, memory, bandwidth,
availabilit y, and accesscapabilities. Thesevaluesare fed into the systemstate syn-
thesizeralongwith systemhistory information and predicted performanceestimates
(obtained using predictive performancefunctions) to determine the overall system
runtime state.

The current application and system state along with the overall \decision
space" are provided as inputs to the GridARM deduction engine and are used to
de¯ne the autonomic runtime objective function. The decisionspaceis comprisedof
adaptation policies, rules, and constraints de¯ned in terms of application metrics,
and enablesautonomic con¯guration, adaptation, and optimization. Application
metrics include application locality, communication mechanism, data migration,
load balancing, memory requirements, adaptive partitioning, adaptation overheads,
and granularit y control. Based on current runtime state and policies within the
decision space,the deduction engine formulates prescriptions for algorithms, con-
¯gurations, and parameters that are usedto de¯ne the SAMR objective function.

The prescriptions provided by the deduction enginealong with the objective
function yield two metrics - normalized work metric (NWM) and normalized re-
sourcemetric (NRM), which characterize the current application state and current
system state respectively, and are the inputs to the autonomic runtime manager
(ARM). Using these inputs, the ARM de¯nes a hierarchical distribution mecha-
nism, con¯gures and deploys appropriate partitioners at each level of the hierarchy,
and mapsthe application domain onto virtual computational units (VCUs). A VCU
is the basicapplication work unit and may consistof computation patcheson a sin-
gle re¯nement level of the SAMR grid hierarchy or composite patches that span
multiple re¯nement levels. VCUs are dynamically de¯ned at runtime to match the
natural regions(i.e., regionswith relatively uniform structure and requirements) in
the application, which signi¯cantly reducescoupling and synchronization costs.

Subsequent to partitioning, spatio-temporal scheduling operations are per-
formed acrossand within virtual resourceunits (VRUs) using Global-Grid Schedul-
ing (GGS) and Local-Grid Scheduling (LGS) respectively. During GGS, VCUs are
hierarchically assignedto sets of VRUs, whereasLGS is used to schedule one or
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more VCU within a single VRU. A VRU may be an individual resource(compute,
storage, instrument, etc.) or a collection (cluster, supercomputer, etc.) of phys-
ical grid resources. A VRU is characterized by its computational, memory, and
communication capacities and by its availabilit y and accesspolicy. Finally, VRUs
are dynamically mapped onto physical systemresourcesat runtime and the SAMR
application is tuned for execution within the dynamic grid environment.

Note that the work associated with a VCU dependson the state of the com-
putation, the con¯guration of the components (algorithms, parameters), and the
current ARM objectives (optimize performance, minimize resourcerequirements,
etc.). Similarly, the capability of a VRU dependson its current state as well as the
ARM objectives (minimizing communication overheadsimplies that a VRU with
high bandwidth and low latency has higher capability). The normalized metric
NWM and NRM are usedto characterize VRUs and VCUs basedon current ARM
objectives.

The core components of GridARM have been protot yped and the adapta-
tion schemeswithin GridARM have beenevaluated in the context of real applica-
tions such as the 3-D Richtmyer-Meshkov instabilit y solver (RM3D) encountered
in compressible°uid dynamics. Application aware partitioning [17] usescurrent
runtime state to characterize the SAMR application in terms of its computation/-
communication requirements, its dynamics, and the nature of adaptations. This
adaptive strategy selectsand con¯gures the appropriate partitioner that matches
current application requirements, thus improving overall execution time by 5 to
30% as comparedto non-adaptive partitioning schemes.Adaptiv e hierarchical par-
titioning [56] dynamically createsa group topology basedon SAMR natural regions
and helps to reduce the application synchronization costs, resulting in improved
communication time by up to 70%as comparedto non-hierarchical schemes.Reac-
tiv e systemsensitive partitioning [75] usessystemarchitecture and current state to
selectand con¯gure distribution strategiesand parametersat runtime basedon the
relative capacities of each node. This system sensitive approach improves overall
execution time by 10 to 40%.

Proactive runtime partitioning [97] strategiesarebasedon performancepredic-
tion functions and estimate the expectedapplication performancebasedon current
loads,available memory, current latencies,and available communication bandwidth.
This approach helps to determine when the costs of dynamic load redistribution
exceedthe costs of repartitioning and data movement, and can result in a 25%
improvement in the application recomposetime. Architecture sensitive communi-
cation mechanisms[73] selectappropriate messagingschemesfor MPI non-blocking
communication optimization suited for the underlying hardware architecture and
help to reduce the application communication time by up to 50%. Workload sen-
sitive load balancing strategy [18] usesbin packing-basedpartitioning to distribute
the SAMR workload among available processorswhile satisfying application con-
straints such as minimum patch size and aspect ratio. This approach reducesthe
application load imbalancebetween2 and 15%ascomparedto default schemesthat
employ greedy algorithms. Overall, the GridARM framework has been shown to
signi¯cantly improve the performanceof SAMR applications [19].
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7 Worldwide Computing: Programming Mo dels and
Middlew are

13

The Internet is constantly growing as a ubiquitous platform for high-perfor-
mancedistributed computing. This section describesa new software framework for
distributed computing over large scaledynamic and heterogeneoussystems. This
framework wraps data and computation into autonomous actors, self organizing
computing entities, which freely roam over the network to ¯nd their optimal target
execution environment.

The actor model of concurrent computation represents a programming par-
adigm enforcing distributed memory and asynchronous communication [1]. Each
actor has a unique name, which can be used as a referenceby other actors. Ac-
tors only processinformation in reaction to messages.While processinga message,
an actor can carry out any of three basic operations: alter its encapsulatedstate,
create new actors, or sendmessagesto peer actors. Actors are therefore inherently
independent, concurrent and autonomous which enablese±ciency in parallel exe-
cution [53] and facilitates mobilit y [3]. The actor model and languagesprovide a
very useful framework for understanding and developing open distributed systems.
For example,amongother applications, actor systemshave beenusedfor enterprise
integration [86], real-time programming [71], fault-tolerance [2], and distributed
arti¯cial intelligence [30].

The presented worldwide computing framework14 consistsof an actor-oriented
programming language(SALSA) [89], a distributed run-time environment (WW-
C) [88], and a middleware infrastructure for autonomous recon¯guration and load
balancing (IOS) [26] (seeFigure 9). SALSA provides high-level constructs for co-
ordinating concurrent computations, which get compiled into primitiv e actor op-
erations, thereby raising the level of abstraction for programmers while enabling
middleware optimizations without requiring the development of application-speci¯c
checkpointing, migration, or load balancing behavior.

Load balancing is completely transparent to application programmers. The
IOS middleware triggers actor migration based on pro¯ling application behavior
and network resourcesin a decentralized manner. To balancecomputational load,
three variations of random work stealing have been implemented: load-sensitive
(LS), actor topology-sensitive (ATS), and network topology-sensitive (NTS) random
stealing. LS and ATS were evaluated with several actor interconnection topologies
in a local area network. While LS performed worse than static round-robin (RR)
actor placement, ATS outperformedboth LS and RR in the sparseconnectivity and
hypercube connectivity tests, by a full order of magnitude [26]. We are currently
evaluating NTS in diverseheterogeneousgrid environments.

The IOS software infrastructure naturally allows for the dynamic addition and
removal of nodesfrom the computation, while continuously balancing the load given
the changing resources.The abilit y to adapt applications to a dynamic network is

13 Primary section author: Varela, with Travis Desell and Kaoutar El Maghraoui
14 http://www.cs.rpi.edu/wwc/
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Figure 9. A modular middleware architecture as a research testbed for
scalable high-performance decentralized distributed computations

critical upon node and network failures, common in Internet computing environ-
ments. This adaptabilit y is also critical in sharedenvironments with unpredictable
variations in resourceusage,e.g., by applications running concurrently on a grid.

Our current research focuseson resourcemanagement models and their mid-
dleware implementations for non-functional distributed systemsbehavior. Exam-
ples include data and processreplication for fault tolerance, and split and merge
behavior to dynamically optimize the granularit y of computation and migration.
We are particularly interested in the interaction of high-level programming abstrac-
tions and middleware optimizations [59]. While application-level load balancing
may in general a®ord better performance, the simplicit y of the autonomous actor
programming model and the availabilit y of computing power in large-scaledynamic
networks may ultimately make optimization in middleware more bene¯cial for sci-
enti¯c computing [4, 78].
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