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Abstract. Scientific computing on massively parallel computers presenique
challenges to component-based software engineering (CB®file CBSE is at
least as enabling for scientific computing as it is for oth@nas, the require-
ments are different. We briefly discuss how these requirésngmpe the Com-
mon Component Architecture, and we describe some recezanason quality-
of-service issues to address the computational perforenand accuracy of sci-
entific simulations.

1 Introduction

Massively parallel scientific computing, like its counter{s in the commercial sector,
must contend with perpetually increasing software conipleln scientific domains,
software complexity arises from the desire to simulatérisically complicated natural
phenomena with increasing fidelity. Current high-perfoneeparallel simulations of
this nature include climate modeling, nanotechnology, meaéghydrodynamics, quan-
tum chromodynamics, computational biology, astronomg, @memistry, and more re-
cently, multiscale and multiphysics hybrids of two or moféhese.
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The motivation for component-based software engineer@BSE) in scientific
simulations is largely the same as that for other pursuitstgonents are a uniform way
of compartmentalizing complexity in building blocks for@jgations. In this paper we
present a brief overview of the requirements of CBSE for fpghformance scientific
computing, and we present the Common Component Archite¢G€A) approach, on
which the computational quality-of-service (CQoS) worbk&sed.

Component-based environments offer a degree of flexilmligr traditional mono-
lithic scientific applications that opens new possibititi®r improving performance,
numerical accuracy, and other characteristics. Not onty agplications be assem-
bled from components selected to provide the best perfarmauut they can also
be changed dynamically during execution to optimize db&raharacteristics. The
quality-of-service (QoS) aspects of scientific componefiingare that we consider in
this paper differ in important ways from more common compufmmsed sequential
and distributed applications. Although performance is arsth general concern, high
sequential and parallel efficiency and scalable performas@ more significant re-
quirement in scientific component design and deploymenrg.fébtors that affect per-
formance are closely tied to the component’s parallel imygistation, its management
of memory, the algorithms executed, and other operatidmalacteristics. In contrast,
performance quality of service in nonscientific componerfitvgare focuses more on
system-related performance effects, such as CPU or netiwads. The composition
of scientific components also affects their individual pemiance behavior, suggesting
the need for QoS metrics that measure cross-componentpenfice.

Scientific component software is also concerned viitictional qualities, such as
the level of accuracy achieved for a particular algorithnihé¥ components can oper-
ate under various functional modes while employing the sarternal interface and
can switch between modes during execution, different seméquirements can arise.
Moreover, the interaction of the functional qualities witle performance qualities of
scientific components makes dynamic service mechanistiisadig important. For ex-
ample, the selection of an algorithm for a given problem naigt into account a pos-
sible tradeoff between speed and reliability. When thesepament-specific QoS con-
cerns are considered globally in the context of the compasitnponent application,
opportunities to enhance the computation arise.

We refer to this concept of the automatic selection and cardiipn of compo-
nents to suit a particular computational purpose@sputational quality of service
(CQo0S). CQoS is a natural extension of the capabilities@ttimponent environment.
The name refers to the importance of the computational éspdioth functional and
nonfunctional—of scientific components in how they are dgyed and used. CQoS
embodies the familiar concept of quality of service in natirng and the ability to
specify and manage characteristics of the application inyativat adapts to the chang-
ing (computational) environment. We discuss techniquessifpport CQoS capabilities
from the viewpoint of enhancing the computational serviemg offered.

In this paper, we first overview the background and requirémr CBSE in sci-
entific computation. Next, we briefly describe the CCA. Wentldéscuss the concept
of computational quality of service as it applies to compuador high-performance
scientific applications, and we describe an initial impletagon of a CQoS environ-



ment that is being integrated with the CCA technology. Wectadte with prospects for
future work.

2 CCA Overview

Apart from a social reticence to accept solutions not dexedowithin their own sci-
entific communities, researchers are particularly coremtabout the performance im-
plications of a relatively new approach such as CBSE. Timlesdor message-passing
operations on modern supercomputers are measured in eéomds, and memory la-
tencies in nanoseconds. The conventional rule of thumkaisafivironments that incur
a performance cost in excess of 10 percent will be rejectétigbti by computational
scientists. In addition, scientists are concerned abauirtipact of applying new tech-
niques to extensive bases of existing code, often measnrkdridreds of thousands
of lines developed over a decade or more by small groups efrekers; extensive
rewriting of code is expensive and rarely justifiable sdfeatly.

While there have been a number of experiments with commadityponent mod-
els in a high-performance scientific context [1, 2], so faythave not had noticeable
acceptance in the scientific community. Unfortunatelyjouss aspects of commercial
component models tend to limit their direct applicabilityhigh-performance scientific
computing. Most have been designed primarily with distel.computing in mind, and
many have higher overheads than desirable, even whergfautmponents within the
same address space are supported. Support for paralleLltiogjs also a crucial con-
sideration. The effort required to adapt existing code tmynr@mmercial component
models is often high, and some impose constraints with m$épéanguages and operat-
ing systems. For example, in high-end computational seiefava is still widely viewed
as not providing sufficient performance, making an apprdikelEnterprise JavaBeans
unattractive; and almost no supercomputers run Windowsatipg systems, limiting
the applicability of COM.

The scientific high-performance computing (HPC) commuhig made some ten-
tative steps toward componentlike models that are usualijed to a specific domain,
for example Cactus [3], ESMF [4], and PALM/Prism [5]. Whilacgessful in their
domains, these approaches do not support cross-discipboftware reuse and inter-
operability.

Inresponse, the Common Component Architecture Forum [§]anched in 1998
as a grassroots initiative to bring the benefits of compoebeased software engineering
to high-performance scientific computing. The CCA effortdses first and foremost
on developing a deeper understanding of the most effectieeofi CBSE in this area
and is proceeding initially by developing an independemtjgonent model tailored to
the needs of HPC.

Space constraints require that we limit our presentatich@fCCA here; however,
further details are available at [6], and a comprehensiexiew will be published
soon [7]. The specification of the Common Component Architexcdefines the rights,
responsibilities, and relationships among the varioumelds of the model. Briefly,
componentsare units of encapsulation that can be composed to formegtigihs;ports
are the entry points to a component and represent interflacasgh which components



interact—provides ports are interfaces that a componentimplementsuaggports are
interfaces that a component uses; andfthmework provides some standasdrvices,
including instantiation of components, as wellusss andprovides port connections.

The CCA employs a minimalist design philosophy to simplig task of incorpo-
rating existing HPC software into the CCA environment. Tdgiproach is critical for
acceptance in scientific computing. CCA-compliant compdsiare required to imple-
ment just one method as part of tgev. cca. Conponent class: the component’s
set Servi ces() method is called by the framework when the component ismtista
ated, and it is the primary means by which the componenttergigiith the framework
the ports it expects to provide and u&éses ports and provides ports may be regis-
tered at any time, and with thBui | der Ser vi ce framework service it is possible
programmatically to instantiate/destroy components aaklafbreak port connections.
This approach allows application assemblies to be dynammider program control,
thereby permitting the computational quality-of-serweerk described in Section 3.
Furthermore, this approach ensures a minimal overheaddxripmately the cost of a
virtual function call) for component interactions [8].

Most parallel scientific simulations use
a single-program/multiple-data (SPMD) paradigm,
in which an identical program runs on every proc0 Proc1 Proc?2 ...

ric. This approach sometimes is relaxed to th¢
multiple-program/multiple-data (MPMD) pat-
tern, which includes multiple communicating in-
stances of SPMD programs. Analogously, tha
CCA's model is that of many “same-process” MPI MPI

component assemblies instantiated as a paral-

lel cohort across all participating processes (s€y. 1. Components are directly con-
Figure 1). In direct contrast with a distributechected to peers in the same process
object model of components (e.g., CORBA)yvertical) and communicate among
component connections occur within a singleir own cohorts between processes
process for maximum performance. Interproceasing MPI (horizontal).
communication, usually MPI, is left to the com-

ponents themselves without CCA interference.

Both single-component/multiple-data and multiple-comgmat/multiple data paradigms
are supported, analogous to SPMD and MPMD programs.

Provides/Uses
Connection

3 Computational Quality of Service

Quality of service is often associated with ways of impletimenapplication priority
or bandwidth reservation in networking. Here computatiguiality of service (CQoS)
refers to the automatic selection and configuration of camepts to suit a particular
computational purpose. While CBSE helps to partition caxity in parallel simula-
tions, it also presents its own problems. For example, i& dadistributed across all



participating processors (Fig. 1), each component mudtwiga the distributed data
as it is presented; it is almost never efficient to redecompbs problem optimally
for each component. If the components are thorough blaclkesyaken there would
be no mechanism to optimize this decomposition over all comepts interacting with
it. However, if metadata is provided either as part of théisiaformation associated
with the component repository, or as dynamic informatiompated in real time, a
“resource-controller” component could configure its peemponents by taking the
global situation into consideration (see Fig. 2). This &ilgourpose component inter-
prets mechanistic, performance, or dependency metadataded by its peer compo-
nents, to make an optimal solution within the context of atiremmpplication or a local
container component. For more information on CCA containsze [10].

This approach not only solves
CBSE problems but presents new op-
portunities, primarily that of being e e R e I
able to dynamically replace poorly :
formin m nents. Component ! | Component A | | Component B || Component C | | .
perfo g components p | ;
concepts help to manage complex- | :
ity by providing standard building | — — _\\Z —47—2—//— — 1
blocks; these concepts also enable a i
degree of automation at a high 18Vel. | comerericonaner | nesores comater :
Here we will describe how CBSE in
scientific computing provides oppor-
tunities to automate scientific simula- Fig. 2. CQ0S component organization.
tions for better performance and ac-
curacy.

CQoS metadata may be used to compose or dynamically adajpipéinagion. A
detailed design of an infrastructure for managing CQoS&éa®mponent application
execution was proposed in [11]. The CCA enables the key tdogg on which CQoS
depends, including component behavior metadata and cagnppnoxies for perfor-
mance modeling or dynamic substitution. By associating E@mtadata with a com-
ponent'suses and provides ports, one can effectively express that component’s CQoS
requirements and capabilities.

CQoS employs global information about a simulation’s cosifan and its envi-
ronment, so that sound choices for component implemen&tiad parameters can be
made. Building a comprehensive CQoS infrastructure, whpams the algorithms and
parallel decomposed data common to scientific simulatienan enormous task but,
given the need to automate the cooperation of algorithiyididparate components, a
necessary one. The research reported in the rest of thisrséh first step toward this
aim and thus first addresses problems that interest thetificisimulation community.

Performance Measurement and Monitoring. The factors that affect component
performance are many and component dependent. To evahmamooent CQoS, one
must have a performance system capable of measuring andingpmetrics of inter-
est. We have developed a performance monitoring capalbditfCCA that uses the
TAU parallel performance system [12] to collect performadata for assessing perfor-
mance metrics for a component, both to understand the peafoce space relative to

| metadata

| metadata

| metadata




the metrics and to observe the metrics during executiorerAferformance data have
been accumulated, performance models for single compsmergntire applications
can be constructed. An accurate performance model of tire apiplication can enable
the automated optimization of the component assembly psoce

Automated Application Assembly. CCA scientific simulation codes are assem-
blies of components created at runtime. If multiple implatagons of a component
exist (i.e., they can be transparently replaced by eachr)ptihddecomes possible to
construct an “optimal” CCA code by choosing the “best” impkmntation of each com-
ponent, with added consideration for the overhead of angnially necessary data
transformations. This construction requires the spetifinaof quality attributes with
which to discriminate among component implementationshis discussion, we will
focus on execution time as the discriminant.

Performance data can be measured and recorded transpaiaritie proxy-based
system described in [13]. Component interface invocatiyesecorded, resulting in a
call graph for the application. The net result of a fully mshented run is the creation
of data files containing performance parameters and exectithes for every invo-
cation of an instrumented component as well as a call gragth nades representing
components, weighted by the component’s execution time.

Performance models are created through regression amaliyfie data collected
by this infrastructure. The call-graph is also processedxjmose thecores, or com-
ponents that are significant from the perspective of exenuiime. This processing is
done by traversing the call tree and pruning branches whesaigon time is an order
of magnitude less than the inclusive time of the nodes whweg are rooted. Since
component performance models can be constructed fromrpeafice data collected
from unrelated runs or from unit tests, the models consetyuscale, at worst, as the
total number of component implementations. The final coritpanodel for a com-
ponent assembly reduces to a summation over the perforrmaogels of each of the
components in the cores. At any point before or during theukition, the performance
models of each of the component implementations are ewaldat the problem'’s size
to obtain the execution times of any component assembly farichoosing the optimal
set. Once an optimal set of components have been identifiegherformance model-
ing and optimization component, namigdstermind, modifies the existing component
assembly through thBui | der Ser vi ce interface introduced in Section 2.

Adaptive Polyalgorithmic Solvers. While application assembly is typically done
once before a scientific simulation starts, often the sarmefssmponent implementa-
tions does not satisfy CQoS requirements throughout thicagipn’s entire execution.
Many fundamental problems in scientific computing tend teetseveral competing so-
lution methods, which differ in quality attributes, suchcasnputational cost, reliability,
and stability. For example, the solution of large-scal@jimear PDE-based simulations
often depends on the performance of sparse linear solvensy bifferent methods and
implementations exist, and it is possible to view each neth® reflecting a certain
tradeoff among several metrics of performance and religbitven with a limited set
of metrics, it is often neither possible nor practical togicewhat the “best” algorithm
choice for a given choice may be. We are in the initial stadésvestigating dynamic,
CQoS-enhanceddaptive multimethod linear solvers, which are used in the context of



solving a nonlinear PDE via a pseudo-transient Newton-tdrphethod. Depending on
the problem, the linear systems solved in the course of thémear solution can have
different numerical properties; thus, a single linear 8olumethod may not be ap-
propriate for the entire simulation. As explained in deiail14], the adaptive scheme
uses a different linear solver during each of the three ghabthe pseudo-transient
Newton-Krylov algorithm, leading to increased robustresd potentially better over-
all performance.

4 Conclusion

CBSE provides a mechanism for managing software complaridyenabling hundreds
of scientists to participate in the development of largatessimulation software, some-
thing currently lacking in scientific computing. The CCA neb@f component-based
development offers a standard approach to component atidatfgm construction that
is specific to parallel scientific computing but also gergrapplicable to many do-
mains within computational science. The CCA has already Ipeeven successful in
several scientific domains, including climate modeling][tbmbustion [16], and com-
putational chemistry [17].

The emergence of these component-based scientific codandtamted the de-
velopment of an abstract infrastructure for describing potational quality-of-service
(CQoS) requirements and capabilities. CQoS requires anogmuent that contains ser-
vices for monitoring and managing performance data, aimaygtatic and dynamic
performance information, optimizing application assgmand adaptively substituting
components. A CQoS environment should be developed in a enaumsistent with
a CBSE methodology to maintain coherence with the engingei scientific com-
ponent applications. The work described here demonstilagestility of such an en-
vironment and lays the groundwork for it. As parallel conipgthardware becomes
more mainstream, our hope is to see a corresponding indreessmodity simulation
components that can be easily used to build parallel séieapplications.
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