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Abstract environment and usage patterns that will be encountered in the

Perf intensi ft . inalv bei OIfield on all supported target platforms across all desired con-
erformance-intensive software is increasingly being usedon ..o options.

heterogeneous combinations of OS, compiler, and hardwa he deficiencies of in-house QA processes are particularly

platforms. Examplgs_ include r(_ausab_le middle\_/var_e that for Foblematic forperformance-intensive software systeras-

t_he basis for scientific computln_g gr|d§ and distributed red mples of this type of software include high-performance sci-
time and embedded systems. Since this software has Strmgﬁ[ﬁic computing systems, distributed real-time and embed-
q_uahty of service (QOS) regwrements, itoften provides a MYed (DRE) systems, and the accompanying systems software
tltud_e of_ configuration options t_hat can_be tuned for spem@g operating systems, middleware, and language processing
application workloads and run-time environments. tools). Reusable software for these types of systems must not

D g hi paper descrtlbes Eh? .archltefgfvure of ikoll, which S y function correctly across the multiple contexts in which
QA environment containing software QA processes 3P reused and customized, it must also do so efficiently and

tools that leverage the extensive computing resources 0 dictably:
worldwide user communities to significantly and rapidly i To support the customizations demanded by users, reusable
prove software quality. It describes novel modeling tools and '

; erformance-intensive software often must (1) run on a vari-
modeling language BGML that allow Skoll users to captu : .
; - . . ety of hardware/OS/compiler platforms and (2) provide a va-
the system’s axes of variability (such as configuration options . ) ‘
. ) riety of options that can be configured at compile- and/or run-
QoS strategies, and platform dependencies) to generate sgat: . . X
folding code needed to conduct QA tasks on remote machings. For example, performance-intensive middieware, such
9 web serverse(g, Apache), object request brokems.d,

X i a8
It describes experiments that apply BGML to systematlcaﬁ 0), and databases.@, Oracle) run on dozens of platforms

ev_aluate and improve the performance Of.DRE. COMPONERY have dozen or hundreds of options. While this variability
middleware on a range of platforms and configuration Optlonsr'omotes customization, it also creates many potential system
The results show that automatic analysis of QA task results can ’ yp Y

significantly improve software quality by capturing the impact0 nfigurations, each of which may need extensive QA to vali-

S - ate. Consequently, a key challenge for developers of reusable
of software variability on performance and providing feedbac : . ) ) o
- performance-intensive software involves managing variability
to help developers optimize performance.

effectively in the face of an explodirgpftware configuration
space As software configuration spaces increase in size and
1 Introduction software development resources decrease, it becomes infeasi-
ble to handle all QA activities in-house. For instance, develop-
Emerging trends and challenges. Well-documented trends€rs may not have access to all the hardware, OS, and compiler
towards the expanding role of software in mission-critical syglatforms on which their reusable software artifacts will run.
tems, greater time-to-market pressures on information tebfpereover, due to time-to-market driven environments, devel-
nology (IT) suppliers, and decreasing budgets for corpora@@ers may be forced to release their software in configurations
sponsored IT R&D are exposing deficiencies in convetat have not been subjected to sufficient QA. The combina-
tional quality assurance (QA) processes. These procediusof an enormous configuration space and severe develop-
have traditionally performed functional testing, code inspe@ent resource constraints therefore often force software de-
tions/profiling, and quality of service (QoS) performance evaelopers to make design and optimization decisions without
uation/optimizationin-houseon developer-generated workprecise knowledge of their consequences in fielded systems.
loads and regression suites. Unfortunately, in-house QA p8wolution approach— Distributed continuous QA processes
cesses are not delivering the level of quality software needadl tools. Inresponse to the trends and challenges described
for large-scale mission-critical systems since they do not matrove, developers and organizations have begun to change the
age software variability effectively. For example, in-house Qgrocesses they use to build and validate performance-intensive
processes can rarely capture, predict, and recreate the run-fiofevare. Specifically, they are moving towards more ag-



ile processes characterized by (1) decentralized developme®GML extends Skoll's earlier focus on functional cor-
teams, (2) greater reliance on middleware component reusetness to address QoS issues associated with reusable
assembly, and deployment, (3) evolution-oriented develggerformance-intensive softwarége., modeling and bench-
ment requiring frequent software updates, (4) product designarking interaction scenarios on various platforms by mixing
that allow extensive end-user customization, and (5) softwared matching configuration options. By integrating BGML
repositories that help to consolidate and coordinate QA tagki® the Skoll process, QoS evaluation tasks are performed in
associated with the other four characteristics outlined aboadeedback-driven loop that is distributed over multiple sites.
While these agile processes address key challenges with @koll tools analyze the results of these tasks and use them as
ventional QA approaches, they also create new challengés,basis for subsequent evaluation tasks that are redistributed
e.g, coping with frequent software changes, remote developethe Skoll computing grid.
coordination, and exploding software configuration spaces. The specific contributions of the work reported in this paper
To address the challenges with conventional and agitelude:
software QA processes, we have developed a distributed Defining model-based tools to automate common Skoll
continuous quality assurance (DCQA) environment called QA tasks.
Skoll (www.cs.umd.edu/projects/skoll ) that sup- e Integrating QoS evaluation and optimization into the
ports around-the-world, around-the-clock QA on a computing  Skoll DCQA process.
grid provided by end-users and distributed developmentteams Automating benchmark generation and profiling QoS
The Skoll environment includes languages for modeling key measures of highly configurable, reusable, and multi-
characteristics of performance-intensive software configura- platform performance-intensive software.
tions, algorithms for scheduling and remotely executing QAe Demonstrating the correctness and utility of model-based
tasks, and analysis techniques that characterize software faults QA in a feasibility study involving standards-based DRE
and QoS performance bottlenecks. Our feedback-driven Skoll component middleware.
environment divides QA processes into multiple subtasks that
are intelligently and continuously distributed to, and executB@Per organization. The remainder of this paper is orga-
by, a grid of computing resources contributed by end-us@&iged as follows: Section 2 presents an overview of the Skoll
and distributed development teams around the world. The [ACQA architecture focusing on interactions between various
sults of these executions are returned to central collection sf@gWPonents and services; Section 3 motivates and describes
where they are fused together to identify defects and guRi¢’ model based meta-programmable tool (BGML), focusing
subsequent iterations of the QA process. on it_s syntactiq and semantic modeling elements that help QA
Our earlier publications [1] on Skoll described its structuf'9in€ers to visually compose QA tasks for Skoll and its gen-
and functionality and presented results from a feasibility stu@{Ative capabilities to the resolve accidental complexities as-
that applied Skoll tools and processes to ACE [2] and TAO [§o¢iated with quantifying the impact of software variability
which are largei(e., over two million SLOC) reusable middle-O" Q0S; Section 4 reports the results of experiments using
ware packages targeted at performance-intensive softward i medel-based DCQA process on the CIAO QoS-enabled
DRE systems. Our initial work focused largely on buildin%Omponent middleware framework; Section 5 examines re-
the Skoll infrastructure, which consisted of the languages, t€d work and compares it with the approaches used in Skoll

gorithms, mechanisms, and analysis techniques that teste@ﬂ% BGML; and Section 6 presents concluding remarks and
functional correctnessf reusable software and its applicatioQutiines future work.

to end-user systems.

This paper describes several other dimensions of DCQ@A Overview of the Structure and Func-
processes and the Skoll environment: igitegrating model- ] )
based techniques with DCQA procesg@¥improving QoS as tionality of Skoll

opposed to simply functional correctneasd (3)using Skoll L o
to empirically optimize a system for specific run-time cof@ @ddress limitations with in-house QA approaches, the Skoll

texts At the heart of the Skoll work presented in this paper Rf0ject is developing and empirically evaluating feedback-
BGML [4], which is Model-based toolsuitehat applies gen- driven processes, methods, and supporting tooldigaributed
erative model-based software techniques [5] to measure §AtINUOUS QAIn this approach software quality is improved
optimize the QoS of reusable performance-intensive softwarderatively, opportunistically, and efficiently — around-the-

configurations. clock in multiple, geographically distributed locations. To
support distributed continuous QA processes, we have imple-
IBGML can be downloaded fromwww.dre.vanderbilt.edu/ mented a set of components and services callecskud in-
cosmic . frastructure which includes languages for modeling system



configurations and their constraints, algorithms for scheddls, C;), whereA, B are predicatesy; is a option and”; is
ing and remotely executing tasks, and analysis techniquesdoe of its allowable values. ®alid configurationis a config-
characterizing faults. uration that violates no inter-option constraints.

The Skoll infrastructure performs its distributed QA taskitelligent Steering Agent. A novel feature of Skoll is its
such as testing, capturing usage patterns, and measuring @ys-of arintelligent Steering AgerftSA) to control the global
tem performance, on a grid of computing nodes. Skoll d@A process by deciding which valid configuration to allocate
composes QA tasks into subtasks that perform part of a largeeach incoming Skoll client request. The ISA treats con-
task. In the Skoll grid, computing nodes are machines pfiguration selection as an Al planning problem. For exam-
vided by the core development group and volunteered by epie, given the current state of the global process including
users. These nodes request work from a server when they whighresults of previous QA subtasks.d, which configura-
to make themselves available. tions are known to have failed tests), the configuration model,

The remainder of this section describes the components, sed metaheuristice(g, nearest neighbor searching), the ISA
vices and interactions within the Skoll infrastructure and prell chose the next configuration such that process gaatg (
vides a sample scenario showing how they are used to im@ealuate configurations in proportion to known usage distri-

ment Skoll processes. butions) will be met. After a valid configuration is chosen,
the ISA packages the corresponding QA subtask implemen-
2.1 The Skoll Infrastructure tation, which consists of the code artifacts, configuration pa-

rameters, build instructions, and QA-specific codey{ re-

Skoll QA processes are based on a client/server model. Cligptsssion/performance tests) associated with a software project.
distributed throughout the Skoll grid requgeb configura- This package is calledjab configuration
tions(implemented as QA subtask scripts) from a Skoll servfdaptation strategies. As QA subtasks are performed by
The server determines which subtasks to allocate, bundleslignts in the Skoll grid, their results are returned to the ISA,
all necessary scripts and artifacts, and sends them to the clighich can learn from the incoming results. For example, when
The client executes the subtasks and returns the results tosthfie configurations prove to be faulty, the ISA can refocus re-
server. The server analyzes the results, interprets them, eigrces on other unexplored parts of the configuration space.
modifies the process as appropriate, which may trigger a mewsupport such dynamic behavior, Skoll QA process design-
round of job configurations for subsequent clients running éfs can develop customizaedaptation strategiethat monitor
the grid. the global QA process state, analyze it, and use the informa-

Atalower level, the Skoll QA process is more sophisticategbn to modify future subtask assignments in ways that im-
QA process designers must determine (1) how tasks will p@ve process performance.
decomposed into subtasks, (2) on what basis and in what or-
der_subtasks will be allocated to cllents,_(3) ho_vv subtasks _V\QIZ Skoll in Action
be implemented to execute on a potentially wide set of client
platforms, (4) how subtask results will be merged together afitla high level, the Skoll process is carried out as shown in
interpreted, (5) if and how should the process adapt on-thefigure 1.
based on incoming results, and (6) how the results of the over-Developers create the configuration model and adaptation
all process will be summarized and communicated to softwateategies. The ISA automatically translates the model into
developers. To support this process we've developed the fgdknning operators. Developers create the generic QA subtask
lowing components and services for use by Skoll QA procassde that will be specialized when creating actual job config-
designers (a comprehensive discussion appears in [1]):  urations.
Configuration space model. A cornerstone of Skoll is afor- 2. A userrequests Skoll client software via the registration
mal model of a QA process’s configuration space, which cgpocess described earlier. The user receives the Skoll client
tures all valid configurations for QA subtasks. This informaoftware and a configuration template. If a user wants to
tion is used in planning the global QA process, for adapting tbieange certain configuration settings or constrain specific op-
process dynamically, and to aid in interpreting results. In pramns he/she can do so by modifying the configuration tem-
tice not all configurations make sense due to platform varialplate.
ity, e.g, feature X may not be supported on operating syst&n A Skoll client periodically (or on-demand) requests a job
Y. Skoll therefore allowsnter-option constraintshat limit the configuration from a Skoll server.
setting of one option based on the setting of others. Constraht$he Skoll server queries its databases and the user-provided
are expressed a®{ — P;), meaning “if predicate’; eval- configuration template to determine which configuration op-
uates toTRUE, then predicate”; must evaluate taRUE.” A tion settings are fixed for that user and which must be set by
predicateP,, can be of the formi, —A, A& B, A|B, or simply the ISA. It then packages this information as a planning goal
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tively requires a QA process that can precisely pinpoint the

consequences of mixing and matching configuration options

on various platforms. In particular, such a QA process should

resolve the following forces:

Siups 1. Minimize the time and effort associated with testing var-
ious configuration options on particular platforms,

2. Provide a framework for seamless addition of new test
configurations corresponding to various platform envi-
ronment and application requirement contexts,

Figure 1: Skoll QA Process View

and queries the ISA. The ISA generates a plan, creates the |
configuration and returns it to the Skoll client.

5. A Skoll client invokes the job configuration and returns t
results to the Skoll server.

6. The Skoll server examines these results and invokes
adaptation strategies. These update the ISA operators to a
the global process.

Olt?m our initial Skoll approach, creating a benchmarking ex-
eriment to measure QoS properties required QA engineers
f{% write (1) the header files, source code, that implement the
fupctionality, (2) the configuration and script files that tune the
erlying ORB and automate running tests and output gen-
F‘f(‘on, and (3) project build fileg g, makefiles) required to
. generate the executable code. Our experience during our ini-
7,' The Skoll server preparesvirtual scoreboardhat summa- tial feasibility study [1] revealed how tedious and error-prone
rizes subtask results and the current state of the overall g{s process was since it required multiple manual steps to gen-

cess. This scoreboard is updated periodically and/or Wheer'ate benchmarks, thereby impeding productivity and quality
prompted by developers. in the QA process.

The remainder of this section describes how we have ap-
3 Enhancing Skoll with a Model-based plied mod_el—baseq techniques [5] to resolve force; 1anq 2 out-
lined earlier. In this context, model-based techniques involve
QoS Improvement Process visual representations for defining entities and their interac-
tions in an application domain using domain-specific build-
Reusable performance-intensive software is often used by jag-blocks. These improvements are embodied in BGML [4],
plications with stringent QoS requirements, such as low Ighich is a model-based benchmarking toolsuite designed to
tency and bounded jitter. The QoS of reusable performang@aluate the QoS of implementations of the CORBA Compo-
intensive software is influenced heavily by factors such as glant Model (CCM), which is shown in Figure 2 and described
the configuration options set by end-users to tune the undgrsigebar 22 BGML allows CCM users to:
lying hardware/software platforne(g, the concurrency archi- 1. Model interaction scenarios between CCM components
tecture and number of threads used by an application signifi- using varied configuration optionise., capture software
cantly affects its throughput, latency, and jitter) and (2) char
2We focus on CCM in our work since it is standard component middleware

acteristics .Of the underlylng pIatform ltselfe'g’ the jitter that is targeted for the QoS requirements of DRE systems. As QoS support
on a real-time OS shpuld be muc'h lower than on a genekglother component middleware matures we will enhance our modeling tools
purpose OS). Managing these variable platform aspects eff@e-DCQA processes to integrate them.




Sidebar 1: Overview of CCM

The CORBA Component Model (CCM) forms a key part of the
CORBA 3.x standard [6]. CCM is designed to address the lim- 3.
itations with earlier versions of CORBA 2.x [7] middleware that
supported a distributed object computing (DOC) model [8].

. Automate benchmarking code generation to systemati-

cally identify performance bottlenecks based on mixing
and matching configurations.

Generate control scripts to distribute and execute the ex-
periments to users around the world to monitor QoS per-
formance behavior in a wide range of execution contexts.

ure 2 depicts the key elements in the architecture of CCM, whichg
are described below.

Components. Componentsn CCM are implementation enti
ties that collaborate with each other yiarts CCM supports sev
eral types of ports, including (¥acets which define an interfac
that accepts point-to-point method invocations from other co p0-5-
nents, (2)receptacleswhich indicate a dependency on point-tp-
point method interface provided by another component, and (3)
event sources/sink@hich indicate a willingness to exchange typed 6.
messages with one or more components.
Container. A containerin CCM provides the run-time environ-

ment for one or more components that manages various pre-defiggith BGML, QA engineers graphically model possible inter-
hooks and strategies, such as persistence, event notification, r#iion scenarios. Given a model, BGML generates the scaf-
action, and security, used by the component(s). Each containefdgying code needed to run the experiments. This typically
responsible for (1) initializing instances of the component typ Si-p}cludes Perl scripts that start daemon processes, spawn the
manages and (2) connecting them to other components and com- ¢ d client th . t ' d disol
mon middleware services. Developer specified metadata expres ganpongn server and client, _run .e experiment, an ISP ay
in XML can be used to instruct CCM deployment mechanisms ho' e requwed rgsults. BGML is built 9“ top Of_ the Generic

to control the lifetime of these containers and the components théPdeling Environment (GME) [9], which provides a meta-
manage. The meta-data is present in XML files catlescriptors | Programmable framework for creating domain-specific mod-
Component assembly. In a distributed system, a componenteling languages and generative tools. GME is programmed
may need to be configured differently depending on the contexia meta-modelsand model interpreters The meta-models

in which it is used. As the number of component configuratiogefine modeling languages called paradigms that specify al-
parameters and options increase, it can become tedious and efgzed modeling elements, their properties, and their relation-
prone to configure applications consisting of many individual comsing Model interpreters associated with a paradigm can also

ponents. To address this problem, the CCM defineassembly : P ; .
entity to group components and characterize the meta-data that g built to traverse the paradigm’s modeling elements, per

scribes these components in an assembly. Each component’s ‘7{5"-‘?'”9 analysis and generatlr)g co?er; h . d
data in turn describes the features available ie.g{its properties)| _ 'duré 3 presents an overview of how we have integrate

or the features that it requires.g, its dependencies). BGML with the Skoll infrastructure. Below we describe how

Component server. A component servas an abstraction thal
Configuration
Informaticlm
H Config
files

Evaluate and compare CCM implementation perfor-
mances in a highly automated way the overhead
that CCM implementations impose above and beyond
CORBA 2.x implementations based on the DOC model.
Enable comparison of CCM implementations using key
metrics, such as throughput, latency, jitter, and other QoS
criteria.

Develop a framework that automates benchmark tests and
facilitates the seamless integration of new tests.

is responsible for aggregatimghysicalentities (.e., implementa-
tions of component instances) intagical entities (.e., distributed
application services and subsystems).

Component packaging and deployment. In addition to
the run-time building blocks outlined above, the CCM also stan-
dardizes component implementation, packaging, and deployment
mechanisms. Packaging involves grouping the implementation of
component functionality — typically stored in a dynamic link |i-
brary (DLL) — together with other meta-data that describes proper-
ties of this particular implementation. The CCM Component Im-
plementation Framework (CIF) helps generate the component im-
plementation skeletons and persistent state management automat-
ically using the Component Implementation Definition Language
(CIDL).

Internet

Target

Machine==

D
Scriptt Benchmark
files | Information

.cpp

Figure 3: Skoll QA Process View with BGML Enhance-
ments

variability in higher-level models rather than in lower-
level source code. our BGML modeling tools interact with the existing Skoll in-
frastructure to enhance its DCQA capabilities.
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A. QA engineers define a test configuration using BGML.1 Hypotheses

models. The necessary experimentation details are captured in o i )
the modelse.g, the ORB configuration options used, the IDIThe use cases we present in this section explore the following
interface exchanged between the client and the server, andwtheses:

benchmark metric performed by the experiment. 1. The Skoll grid can be used together with BGML to
quickly generate benchmark experiments that pinpoint
specific QoS performance aspects of interest to develop-
ers of middleware and/or applications.,g, BGML al-
lows QA process engineers to quickly setup QA pro-

B&C. QAengineersthenuse BGML tointerpretthe model.
The OCML paradigm interpreter parses the modeled ORB
configuration options and generates the required configuration
files to configure the underlying ORB. The BGML paradigm TEEIS " )
interpreter then generates the required benchmarking code, C€SS€s and generate significant portions of the required
i.e., IDL files, the required header and source files, and nec- Penchmarking code.

essary script files to run the experiment. Steps A, B, and C aré Using the output of BGML, the Skoll infrastructure can

integrated with Step 1 of the Skoll process. be used to (1) quickly execute benchmarking experiments
on end-user resources across a Skoll grid and (2) capture

and organize the resulting data in a database that can be
used to improve the QoS of performance-intensive soft-
ware.

3. Developers and users of performance-intensive software
E&F The Client executes the experiment a.nd returns the can query the database to gather important information
result to the Skoll server, which updates its internal database. zpgut that softwaree.g, obtain a mix of configuration
When prompted by developers, Skoll displays execution re- gption settings that improve the performance for their
sults using an on demand scoreboard. This scoreboard dis- specific workload(s).
plays graphs and charts for QoS metriesy, performance
graphs, latency measures and foot-print metrics. Steps E and .
F correspond to steps 5, 6, and 7 of the Skoll process. 4.2 Experimental Process

We used the following experimental process to evaluate the
hypotheses outlined in Section 4.1:

D. When users register with the Skoll infrastructure they ob-
tain the Skoll client software and configuration template. This
step happens in concert with Step 2, 3, and 4 of the Skoll pro-
cess.

4 Feasibility Stud
y y Step 1: Choose a software system that has stringent perfor-

This section describes the design and results of an experiment Mance requirements. Identify a relevant configuration

we conducted to evaluate the enhanced DCQA capabilities that SPace.

stem from integrating BGML with Skoll. In this paper, we usetep 2: Select workload application model and build bench-

the BGML modeling tools and Skoll infrastructure to execute ~marks using BGML.

a formally-designed experiment usindudl-factorial design Step 3: Deploy Skoll and BGML to run benchmarks on multi-

which executes the experimental task (benchmarking in this ple configurations using a full factorial design of the con-

case) exhaustively across all combinations of the experimental figuration options. Gather performance data.

options (a subset of the configuration parameters of the CI8tep 4: Formulate and demonstrate specific uses of the per-

QoS-enabled component middleware). formance results database from the perspective of both
The data from our experiments is returned to the Skoll middleware and application developers.

server, where it is organized into a database. The database then

becomes a resource for developers of applications and nlld21 Step 1: Subject Applications

dleware who wish to study the system’s performance across

its many different configurations. Since the data is gathend used ACE 5.4 + TAO 1.4 + CIAO 0.4 for this study.

through a formally-designed experiment, we use statisti€dIAO [10] is a QoS-enabled implementation of CCM (see

methods €.g, analysis of variance, wilcox ran sum tests, arsidebar 1) developed at Washington University, St. Louis

classification tree analysis) to analyze the data. To demand Vanderbilt University to help simplify the development of

strate the utility of this approach, we present two use cases fatformance-intensive software applications by enabling de-

show how (1) CIAO developers can query the database to melopers to declaratively provision QoS policies end-to-end

prove the performance of the component middleware softwareen assembling a DRE system. CIAO adds component sup-

and (2) application developers can fine-tune CIAO’s configert to TAO [3], which is distribution middleware that imple-

uration parameters to improve the performance of their saftents key patterns [11] to meet the demanding QoS require-

ware. ments of DRE systems.



4.2.2 Step 2: Build Benchmarks 4.2.3 Step 3: Execute the DCQA process

Figure 4 describes how the ACE+TAO+CIAO QA engineefor this version of ACE+TAO+CIAO, we identified 14 run-

used the BGML tool to generate the screening experimentsiife options that could affect latency and throughput. As

quantify the behavior of latency and throughput. As showndéhown in Table 1, each option is binary, so the entire configu-
ration space ig'* = 16, 384. We executed the benchmark ex-

periments on each of the 16,384 configurations. This is called
Model Associate a full-factorial experimental design. Clearly such designs will
Experimef Experimenter QoS | bi b ff | i k
P Charsctoristics not scale up to arbitrary numbers of factors. In ongoing wor
0 e Component Interacion we are therefore studying strategies for reducing the number of
= n observations that must be examined. In the current example,
= however, the design is manageable.
o
' gff Option Index | Option Name Option Settings
s - optl ORBReactorThreadQueue {FIFO, LIFO}
e sy"“;es'ze opt2 ORBClientConnectionHandler {RW, MT}
IE e Execute opt3 ORBReactorMaskSignals {0, 1}
Feedback == s opt4 ORBConnectionPurgingStrategy {LRU, LFU}
Script N opt5 ORBConnectionCachePurgePercentage {10, 40
_— _— L files opt6 ORBConnectionCachelLock {thread, nul}
IDL 44y opt7 ORBCorbaObjectLock {thread, nul}
Test bed opt8 ORBObjectKeyTableLock {thread, nul}
opt9 ORBInputCDRAllocator {thread, nul}
; . : opt10 ORBConcurrency {reactive, tp¢
Flgure 4:BGML Use Case Scenario optll ORBActiveObjectMapSize {32,128
optl2 ORBUSseridPolicyDemuxStrategy {linear, dynami¢
optl3 ORBSystemidPolicyDemuxStrategy {linear, dynami¢
this figure, the fO"OWing Steps were performed: optl4 ORBUniqueidPolicyReverseDemuxStrategy{ linear, dynami¢

1. QA engineers used the BGML modeling paradigm e 1: The Configuration Space: Run-time Options and
compose the experiment. In particular, QA engineers yggi, Settings

the domain-specific building blocks in BGML to com-
pose experiments.

2. In the experiment modeled, QA engineers associated
QoS characteristic (in this case roundtrip latency a
throughput) that will be captured in the experiment. Fi
ure 5 depicts how this is done in BGML.

For a given configuration, we use the BGML modeling
?adigms to model the configuration visually and generate
e scaffolding code to run the benchmarking code. The ex-
%’eriment was run three times and for each run the client sent
300,000 requests to the server. In total, we distributed and ran
~50,000 benchmarking experiments. For each run, we mea-
sured the latency values for each request and total throughput

o= | (events/second).
make&ﬂf The BGML modeling tool helps improve the productiv-
Costalion Laercy ity of QA engineers by allowing them to compose the ex-

perimentvisually rather than wrestling with low-level source
code. This tool thus resolves tedious and error-prone acci-
dental complexities associated with writing correct code by
auto-generating them from higher level models. Table 2 sum-
viparizes the BGML code generation metrics for a particular

Figure 5:Associating QoS Metrics in BGML

3. Using the experiment modeled by QA engineers, BG ‘ ;
interpreters generated the benchmarking code require§@gfiguration.
set-up, run, and tear-down the experiment. The gener-

ated files include component implementation files (.h and Ilzgtle_s N”'gber Li”esf‘;{ Code Generfggd ()
.cpp), IDL f_iles (.idl), component IDL files (.cidl), and Source (.cpp) 5 310 100
benchmarking code (.cpp) files. Header (.h) 1 108 100

4. The generated file was then executed using the Skqll _Script (.pl) 1 115 100
DCQA process and QoS characteristics were measuredbccmf'.g (sve.conf) 1 6 100

. . . . escriptors (XML) 2 90 0

The execution was done in Step 4 described in See-
tion 4.2.4. Table 2:Generated Code Summary for BGML



This table shows how BGML automatically generates 8 bistorical performance distributions of both the entire con-
10 required files that account for 88% of the code required faguration space and the subset specified by the application
the experiment. developer ite., the subset of the configuration space consis-

tent with the developer’s partially-specified options). These

graphs are shown in Figure 7 and Figure 8. Last, the system
4.2.4 Step 4: Example Use Cases

Latency Distribution
Below we present two use cases that leverage the data col-

lected by the Skoll DCQA process. The first scenario involves
application developers who need information to help config- !
uring CIAO for their use. The second involves CIAO middle- | o
ware developers who want to prioritize certain development ‘
tasks.

160
1

o
8
e

140
|

Use case #1: Application developer configuration. In this
scenario, a developer of a performance-intensive software ap-
plication is using CIAO. This application is expected to have a
fairly smooth traffic stream and needs high overall throughput
and low latency for individual messages. This developer has
decided on several of the option settings needed for his/her
application, but is unsure how to set the remaining options !

and what effect those specific settings will have on applica- ‘ .
tion performance. To help answer this question, the applica- all.opfions subset
tion developer goes to the ACE+TAO+CIAO Skoll web page
and identifies the general workload expected by the applica-
tion, the platform, OS, and ACE+TAO+CIAO versions used. o ) ) o
Next, the developer arrives at the web page shown in Figuré’%‘?se”ts a statistical analysis of the options that significantly

On this page the application developer inputs those option fect the performance measures, as depicted in Figure 8. To-
gether, these views present the application developer with sev-

eral pieces of information. First, it shows how the expected

Latency
120
|

100
|

80

Figure 7:1°¢ Iteration

] SkollDatabase Query Farm - Hicrosat nternet Explarer BEx]
@3 ! configuration has performed historically on a specific set of
8 benchmarks. Next, it compares this configuration’s perfor-
: mance with the performance of other possible configurations.
i mﬂﬁ It also indicates which of the options have a significant effect
—— R on performance and thus should be considered carefully when

selecting the final configuration.

Option Setting Option Setting MAIN EFFECT GRAPH
ORBReactorThreadQuene *|v] ORBObjectReyTableLock thread [v]

ORBClient MT v| ORBInputCDRAllocat - v
| | ORBReactorMaskSignals 0)v]  ORBConcurrenc y . v 130
RB * [v] ORBAct « v

* lv] orm linear [
| ORBConnectionCacheLock thread [v|ORBSystemidPolicyDemuStrategy linear _|v
| ORBCorbaObjeciLock thread | v|ORBUniqueidPolicyReverseDemuzStrategy linesr__|v| 125 —

| EEFes

b Y . PN \ /

15 — \
Figure 6:Accessing Performance Database

110 —

AVERAGE RESPONSE OF LATENCY

tings (s)he expects to use and left unspecified (denoted “*”)

those for which (s)he needs guidance. The developer also in-

dicates the performance metrics (s)he wishes to analyze and

then submits the page. P an om om om oo o
Submitting the page causes several things to happen. First,

the data corresponding to the known option settings is foigure 8:1°" Iteration: Main Effects Graph (Statistically

cated in the Skoll databases. Next, the system graphs f@nificant Options are Denoted by an *)

105 —




Continuing our use case example, the application developez unlikely to have a substantial effect on performance. At
sees that optionpt10(ORBConcurrency ) has not been setthis point, the application developer has several choiegs,
and that it has a significant effect on performance. To bet{gjhe can stop here and set the remaining options to their de-
understand the effect of this option, the developer consults faelt settings or (s)he can revisit the original settings. In this
main effects graph shown in Figure 8). This plot shows thedse, our developer reexamines the original settings and their
settingORBConcurrency to thread-per-connectiofwhere main effects (See Figure 11) and determines that changing the
the ORB dedicates one thread to each incoming connectisefting ofopt2 (ORBClientConnectionHandler ) might
should lead to better performance than setting itetactive greatly improve performance.
(where the ORB uses a single thread to detect, demultiplexUsing this setting will require making some changes to
and service multiple client connections). The application dée actual application, so the application developer reruns the
veloper therefore sets the option and reruns the earlier aralalysis to get an idea of the potential benefits of changing the
ysis. The new analysis shows that, based on historical dajgtion setting. The resulting data is shown in Figure 12. The
the new setting does indeed improve performance, as sh@sults in this figure show that the performance improvement
in Figure 9. However, the accompanying main effects grafrlam setting this option would be substantial. The developer

would now have to decide whether the benefits justify the costs

La Distributi . . .
tency Bistribuion of changing the application.

MAIN EFFECT GRAPH
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Use case #2: Middleware developer task prioritization.
In this scenario, a developer of CIAO middleware itself wants
to do an exploratory analysis of the system’s performance
120 - across its configuration space. This developer is looking for
] areas that are in the greatest need of improvement. To do this
" / N S (s)he accesses the ACE+TAO+CIAO and Skoll web page and
J d " N performs several tasks. First, (s)he examines the overall per-
™7 formance distribution of one or more performance metric. In
| this case, the middleware developer examines measurements
" of system latency, noting that the tails of the distribution are
" ‘ ‘ ‘ quite long (the latency plots are the same as those found in
opT1 orT4 opTs ot opTH the “all.options” subplots of Figure 7). The developers wants
to better understand which specific configurations are the poor
Figure 10:2"¢ Iteration: Main effects graph (Statistically performerss
Significant Options are Denoted by an *)

125

AVERAGE RESPONSE OF LATENCY

) . L . 3For latency the worst performers are found in the upper tail, whereas for
shown in Figure 10 shows that the remaining unset optiaAgughput it is the opposite.



Latency Distribution andORBConcurrency set toreactive The first option in-

o dicates that the CORBA ORB uses separate threads to service
4L each incoming connections. The second option indicates that
! the ORB’s reactor [11] (the framework that detects and ac-

160
1

; cepts connections and dispatches event to the corresponding
1 | event handlers when events arrive) are executed by a pool of
| threads.

The information gleaned by the classification tree is then
used to guide exploratory data analysis. To help middleware
developers organize and visualize the large amount of data,
we employed the Treemaps data visualizemfw.cs.umd.

‘ edu/hcil/treemap ), which allows developers to explore
! E multidimensional data. The performance data described in the
y o S previous paragraph is shown in Figure 14. This figure shows
‘ ‘ poorly performing configurations as dark tiles and the accept-
all.options subset . . . . . .
ably performing configurations as lighter tiles. The layout first
divides the data into two halves: the left for configurations
with ORBClientConnectionHandler set toRWand the
right for those set tdIT. Each half is further subdivided, with

Our DCQA process casts this question as a classificattbe upper half for configurations wit®RCConcurrency
problem. The middleware developer therefore recodes #& tothread-per-connectiomnd the lower half for those set
performance data into two categories: those in the woréeseactive The data can be further subdivided to arbitrary
performing 10% and the rest. From here out, (s)he considenegls, depending on how many options the middleware de-
poor performing configurations as those in the bottom 10%&loper wishes to explore. The treemap shown in Figure 14
Next, (s)he uses classification tree analysis [12] to model thepicts how almost all the poor performers are in the bottom
specific combinations of options that lead to degraded perftight quadrant, which suggests that the options discovered by
mance. the classification tree are reasonably good descriptors of the

For our current use case example, the middleware develape®rly performing configurations.
uses a classification tree to extract performance-degrading opFhe middleware developer continues to explore the data,
tion patternsj.e, (s)he extracts the options and option sethecking whether the addition of other options would fur-
tings from the tree that characterize poorly performing configper isolate the poor performers, thereby providing more in-
urations. Figure 13 shows one tree obtained from the ClA@mation about the options that negatively influence perfor-
data (for space reasons the tree shown in the Figure gifence. After some exploration, the middleware developer find
only a coarse picture of the information actually contained @ other influential options. Next, (s)he examines the poor
the tree). By examining the tree, the middleware developgegrforming configurations that are not part of the n group,

i.e,, those withORBCurrency set tothread-per-connection

40

1

Latency

—_—

80

Figure 12:37¢ Iteration: Step 3

rather thanreactive The middleware developer determines
that nearly all of the latency values for these configurations
are quite close to the 10% cutoff. In fact, lowering the arbitrary
cutoff to around 8% leads to the situation in which nearly every
poor performer ha® RBConnectionClientHandler set

to MT and ORBConcurency set toreactive Based on this
information, the middleware developer can conduct further
studies to determine whether a redesign might improve per-
formance.

Acceptable ORBConcurrency

Thread-per-Connection Reactive

Acceptable

Figure 13:Sample Classification Tree Modeling Poorly Per- 4.3 Discussion

forming Configurations The experiments reported in this section empirically explored
how integrating BGML and Skoll allowed us to quickly imple-

notes that a large majority of the poorly performing configment specific DCQA processes to help application and middle-

rations haveORBClientConnectionHandler settoMT ware developers understand, use, and improve highly-variable

10



Figure 14:Treemap Visualization

performance-intensive systems. To accomplish this, we used platforms. Our DCQA process therefore gives individ-
BGML and Skoll to implement a DCQA process that consal developers virtual access to all platforms. Moreover, our
ducted a large-scale, formally-designed experiment acrosapproach makes performance data accessible to application
grid of remote machines. This process quickly collected péevelopers and end-users, which helps extend the benefits of
formance data across all combinations of a set of system cPD&GQA processes from the core to the periphery.
figuration options, thereby allowing application and middle- . .
S . Despite the success of our experiments, we also found nu-
ware developers to conduct sophisticated statistical analyses. ; X
merous areas for improvement. For example, we realize that

We found that the BGML modeling approach allowed us . . .
. . . : exhaustive experimental designs can only scale up so far. As
to specify the relevant configuration space quickly and to

tomatically generate a large fraction of the benchmark coé:]e number of configuration options under study grows, it will
[

e . . . ! e .
needed by the DCOA process. In our previous efforts rTT:come mgreasmgly important to.flnd more efﬁment experi-
; ental designs. Moreover, the options we studied were binary

we performed these steps manually, making numerous er-

rors. Overall. it took around 48 hours of CPU time to ruand had no inter-option constraints, which will not always be

the ~50,000 experimental tasks dictated by the experimen%l? case in practice. Additional attention therefore must be

design. Calendar time is effectively dictated by the numbergﬁlito the experimental design to avoid incorrect analysis re-
end-users participating in the process. We see no problem con-""
ducting these types of experiment several times a day, whiclWe also found that much more work is needed to support
is particularly useful for ACE++TAOCIAO developers (whoseéata visualization and interactive exploratory data analysis.
middleware infrastructure changes quite frequently), since tii® have included some tools for this in Skoll, but they are
will help keep the performance data in synch with the evolvimgdimentary. More attention must be paid to characterizing
middleware. the workload examined by the benchmark experiments. The
Although this paper focused on experiments over a singlee we used in this study modeled a constant flow of mes-
platform, we can run our Skoll DCQA process over marsages, but obviously different usage scenarios will call for dif-
platforms. This cross-platform portability is extremely imferent benchmarks. Finally, we note that our use cases focused
portant to ACE++TAOCIAO developers because their middlen middleware and applications at a particular point in time.
ware run over dozens of compiler/OS platforms, though ifime-series analyses that study systems as they evolve may
dividual middleware developers often have access to onlalao be valuable.
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5 Related Work plied to Real-time CORBA middleware [17] to automatically
adjust the rate of remote operation invocation transparently to
This section compares our work on model-driven performange application.
eValuation techniqueS in Sko” and BGML with Other related Though On"ne ana'ysis enab|es Systems to adapt at run-
research efforts including (1) large-scale testbed environmeglise, the optimal set of QoS features are not determined at
that provide a platform to conduct experiments using hetekgstem initialization. Using the model-based techniques pro-
geneous hardware, OS, and compiler platforms, (2) evaluatifiged by BGML, QoS behavior and performance bottlenecks
the performance of middleware layers, and (3) feedback-bagfd/arious hardware and software configurations can be deter-
optimization techniques that use empirical data and mathemained offline and then fed into the models to generate optimal
ical models to identify performance bottlenecks. QoS characteristics at model construction time. Moreover, dy-
Large-scale benchmarking testbeds. EMULab [13] is a namic adaptation can incur considerable overhead from sys-
testbed at the University of Utah that provides an envirogm monitoring and adaptation, which may be unacceptable
ment for experimental evaluation of networked systems. Efr performance-intensive DRE systems.
ULab provides tools that researchers can use to configure the . . . . .
topology of their experimentse.g, by modeling the under- e Hybrid analysis, which combines aspects of offline and

lying OS, hardware, and communication links. This topo?-n"ne analysis. For example, the continuous compilation

ogy is then mapped [14] t6-250 physical nodes that caretrategy [18] constantly monitors and improves application

be accessed via the Internet. The EMULab tools can gen%c}ge using code optimization techniques. These optimiza-

ate script files that use the Network Simulator (NBYg; tions are applied in four phases including $13tic analysisin

www.isi.edu/nsnam/ns/ ) syntax and semantics towhich information from training runs is used to estimate and
run thé e>-<periment predict optimization plans, (Jynamic optimizatiopin which

The Skoll infrastructure provides a superset of EMULarHonitors apply code t_ransformati.ons: at ru_n-time t 0 _adgpt pro-
that it is not limited by resources of a particular testbed, m behavior, (3pffline adaptationin which optimization

instead can leverage the vast end-user computer resourcdSapS are actually |mprove.d using actual execution, ancet4)
the Skoll grid. Moreover, the BGML model interpreters ca pmpilation where the optimization plans are regenerated.

generate NS scripts to integrate our benchmarks with experiBGMI"S model-based strategy can enhance conventional

ments in EMULab. hybrid analysis by tabulating platform-specific and platform-
Feedback-driven optimization techniques. Traditional independent information separately using the Skoll frame-

feedback-driven optimization technigues can be divided iﬁ’ﬁ'&rk' In parycula_r, Skoll doe; not incur the overhead of SYs-
the following categories: tem monitoring since behavior does not change at run-time.

« Offline analysis, which has been applied to program anaﬁ\-lew platform-specific_ in_formation obtained can be fed back
ysis to improve compiler-generated code. For example, fﬂéo the models to optimize QoS measures.
ATLAS [15] numerical algebra library uses an empirical ogsenerative Benchmarking Technigues. There have been
timization engine to decide the values of optimization param-several initiatives that use generative techniques similar to
eters by generating different program versions that are runB@ML for generating test-cases and benchmarking for per-
various hardware/OS platforms. The output from these rusmance evaluation. The ForeSight [19] tool uses empirical
are used to select parameter values that provide the best penchmarking engine to capture QoS information for COTS
formance. Mathematical models are also used to estimate lised component middleware system. The results are used
timization parameters based on the underlying architectuepuild mathematical models to predict performance. This is
though empirical data is not fed into the models to refine it. achieved using a three pronged approach of (1) create a per-

Our approach on BGML enhances ATLAS by feeding bad&rmance profile of how components in a middleware affect
platform-specific information into the models to identifyingperformance, (2) Construct a reasoning framework to under-
performance bottlenecks at model construction time. This stand architectural trade-offisg., know how different QoS at-
formation can be used to select optimal configurations ahédhutes interact with one another and (3) Feed this configura-
of time that maximize QoS behavior. tion information into generic performance models to predict

¢ Online analysis, where feedback control is used to dythe configuration settings required to maximize performance.
namically adapt QoS measures. An example of online analyThe SoftArch/MTE [20] tool provides a framework for sys-
sis is the ControlWare middleware [16], which uses feedbatein architects to provide higher level abstraction of the sys-
control theory by analyzing the architecture and modelingtédm specifying system characteristics such as middleware,
as a feedback control loop. Actuators and sensors then metabase technology, and client requests. The tool then gen-
itor the system and affect server resource allocation. Resdates a implementation of the system along with the perfor-
time scheduling based on feedback loops has also beenmagnce tests that measure system characteristics. These results
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are then displayed backe., annotated in the high level dia{2) middleware developers,g, to more readily identify con-
grams, using tools such as Microsoft Excel. This allows arcfigurations that should be optimized further.
tects to refine the design for system deployment. In future work, we are applying DCQA processes to a grid
BGML closely relates to the aforementioned approache$geographically decentralized computers composed of thou-
However, both ForeSight and SoftArch tools lack DCQA eands of machines provided by users, developers, and organi-
vironments to accurately capture QoS variations on a rangeafions around the world. We are also integrating our DCQA
varied hardware, OS and compiler platforms. Rather than tesshnologies into the DRE software repository maintained by
ing a generic mathematical models to predict performance, the ESCHER Institute www.escherinstitute.org ),
BGML tools use a feedback-driven approach [4], wherein tiaich is a non-profit organizati6nestablished to preserve,
DCQA environment is used to empirically evaluate the Qafaintain, and promote the technology transfer of government-
characteristics offline. This information can then be usedgponsored R&D tools and frameworks in the DRE computing
provide the modeler with accurate system information. Futemain.
ther, platform specific optimization techniques can also ap-The ESCHER repository contains over 3 million lines of
plied to maximize QoS characteristics of the system. reusable, quality-controlled C++ and Java software tools and
frameworks for the DRE system developer and user commu-
nities. Tools and frameworks enter the repository based on
certain criteria €.g, maturity, reliability, interoperability, ap-
plicability to DRE system development) and use of quality
Reusable software for performance-intensive systems increfsrelopment standards.§, documentation, defect tracking,
ingly has a multitude of configuration options and runs onsgurce code management, testing, and metrics). The ESCHER
wide variety of hardware, compiler, network, OS, and miglepository therefore provides an ideal environment for inte-

dleware platforms. The distributed continuous QA techniquggating and evaluating DCQA technologies in the context of
provided by Skoll play an important role in ensuring the Coferformance-intensive software.

rectness and quality of service (QoS) of performance-intensive
software.
Skoll helps to ameliorate the variability in reusable softwaBeferenceS

contexts by providing [1] A.Memon, A. Porter, C. Yilmaz, A. Nagarajan, D. C. Schmidt, and
B. Natarajan, “Skoll: Distributed Continuous Quality Assurance,” in

6 Concluding Remarks

e Domain-specific modeling languages that encapsulate the
variability in software configuration options and interac-
tion scenarios within GME modeling paradigms. [2]
An Intelligent Steering Agent (ISA) to map configuration
options to clients that test the configuration and ada%-
tation strategies to learn from the results obtained from
clients and

Model-based interpreters that generate benchmarkiff
code and provide a framework to automate benchmark
tests and facilitate the seamless integration of new tests.

Our experimental results showed how the modeling tool$!
improve productivity by resolving the accidental complexity
involved in writing error-prone source code for each benchg)
marking configuration. Section 4.2.3 showed that by using
BGML, ~90% of the code required to test and profile each!
combination of options can be generated, thereby significantlgl
reducing the effort required by QA engineers to empiricallw
evaluate impact of software variability on numerous QOS pa-
rameters. Section 4.2.4 showed how the results collected us-
ing Skoll can be used to populate a data repository that c
be used by both application and middleware developers. The
two use case presented in our feasibility study showed how
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