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Abstract. This paper presents the design, implementation, and appli-
cation of ParaProf, a portable, extensible, and scalable tool for parallel
performance pro�le analysis. ParaProf attempts to o�er \b est of breed"
capabilities to performance analysts { those inherited from a rich his-
tory of single processorpro�lers and those being pioneered in parallel
tools research. We present ParaProf as a parallel pro�le analysis frame-
work that can be retargeted and extended as required. ParaProf 's design
and operation is discussed,and its novel support for large-scaleparallel
analysis demonstrated with a 512-processorapplication pro�le generated
using the TAU performance system.

1 In tro duction

Perhapsthe best known method for observing the performanceof software and
systemsis pro�ling. Pro�ling techniquesdesignedover thirt y yearsago[11], such
as prof [17] and gprof [5] for Unix, are still apparent in the pro�ling approaches
for modern computer platforms (e.g., vprof [9] and cvperf [20]). While ideological
di�erences exist in pro�ling instrumentation and data collection, most notably
between sample-basedversus measurement-based approaches, pro�ling is the
most commonly usedtool in the performanceanalyst's repertoire. Unfortunately ,
despite the ubiquitous nature of pro�ling, pro�le analysis tools have tended
to be system speci�c, proprietary, and incompatible. Not only does this pose
di�culties for cross-platformperformancestudies,but the lack of reusablepro�le
analysis technology has slowed the development of next-generation tools. With
the general availabilit y of hardware counters in modern microprocessors,the
complexity of performance pro�le data will increase, further exacerbating the
needfor more robust pro�le analysis tool support.

Parallel software and systems intro duce more di�cult challengesto pro�le
analysis tools. All the concerns for single processorperformance analysis are
present in parallel pro�ling, except now the pro�le data size is ampli�ed by
the number of processorsinvolved. Pro�le analysis scalability is important for
large-scaleparallel systemswhereeach thread of execution may potentially gen-
erate its own pro�le data set. Parallel executionalsointro ducesnew performance
properties [1] and problems that require more sophisticated analysis and inter-
pretation, both within a singlepro�ling experiment and acrossexperiments. The
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identi�cation of parallel ine�ciencies and load imbalancesrequiresanalysisof all
execution threads in a pro�le, whereaspinpointing reasonsfor poor scalability,
for example, must combine detailed analysis acrosspro�les generatedwith dif-
ferent numbers of processors.Lastly, the performanceproblem solving provided
by the parallel pro�le analysis tool should re
ect the systemarchitecture aswell
as the model of parallelism usedin the application.

This paper presents the design,implementation, and application of ParaProf,
a portable, extensible,and scalabletool for parallel performancepro�le analysis.
ParaProf attempts to o�er \b est of breed" capabilities to performanceanalysts
{ those inherited from a rich history of singleprocessorpro�lers and thosebeing
pioneeredin parallel tools research. However, ParaProf should be regardednot
as a complete solution, but rather a parallel pro�le analysis framework that can
be retargeted and extended as needed.Thus, in this paper we emphasize,in
equal measure, the design of ParaProf and its support for customizability, in
addition to its application in the context of the TAU performancesystem.

In the sectionsthat follow, we �rst relate ParaProf to selectedpro�ling tools,
sequential and parallel, that highlight important featuresthat ParaProf incorpo-
rates, or aspirestoo. Section x3 describesthe ParaProf architecture and section
x4 goesinto more detail of the operation of core components. While ParaProf is
being applied in many applications, for this paper, we focuson its novel support
for large-scalepro�le analysis.Sectionx5 demonstratesParaProf 's corecapabili-
ties on a highly-parallel application developed with the SAMRAI framework [8],
oneof several large-scaleparallel environments whereParaProf is beingdeployed.
In conclusion, we remark on how we seeParaProf evolving and its integration
in a parallel performancediagnosisenvironment.

2 Related Work

Performancepro�ling characterizesthe execution behavior of an application as
a set of summary statistics associating performancedata and metrics with pro-
gram structure and semantics.1 Pro�ling tools are distinguished by two aspects:
what performance information is being analyzed, and how pro�le results are
mapped to the program and presented to the user. Sinceprof [17] and gprof [5],
execution time has been the standard performancedata pro�led, and the dom-
inant mapping of execution time has been to program sourcestatements. The
inclusion of hardware performancecounts in pro�le data (e.g., SGI's ssrun [20])
hassigni�can tly increasedthe insight on processorand memory systembehavior.
The performanceAPI (PAPI [2]) provides a common interface to hardware per-
formancecounters acrossmicroprocessorsand is in useby most current pro�ling
tools. The types of program mapping to sourcestatements include statement-,
loop-, and routine-level mapping. Callgraph pro�ling, pioneered in gprof, has
also beenextendedto callpath pro�ling [6].

1 We can also speak of pro�ling the performance of a system, but to simplify the
discussion, we will focus on application performance.
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All of the above pro�ling features can be found in various forms in sequen-
tial pro�le analysis tools (e.g., cvperf [20], DynaProf [14], and vprof [9]). The
HPCView tool [13] best exempli�es the integration of sequential analysis capa-
bilities. Pro�le data from multiple sourcescan be input to HPCView, including
performancedata setsfrom hardwarecounters and di�eren t program executions.
Internally, an extensible pro�le data format allows di�eren t data to be associ-
ated with program sites, each identi�ed by a unique name and sourcemapping
information. HPCView can compute derived performancestatistics from math-
ematical expressionsthat involve performancedata variables.The user interface
allows navigation, grouping, and sorting of the pro�le data to assist in results
analysis.However, HPCView is not a parallel pro�le analysis tool, per se.Para-
Prof cansupport many of HPCView's features,aswell asprovide scalableparallel
pro�le analysis.

Parallel pro�le analysistools often target speci�c parallel programming mod-
els. The GuideView [10] tool analyzesperformanceof multi-threaded OpenMP
applications. It has sophisticated analysis functions, including handling of mul-
tiple experiments and relating performance metrics to ideal values. VGV [7]
extends GuideView to hybrid OpenMP and MPI applications. Unfortunately ,
neither GuideView nor VGV are open systems (now Intel proprietary), and,
thus, are able to accommodate more general parallel pro�le data. The HPM
Toolkit [3] also targets OpenMP and MPI applications, with emphasison the
analysisof hardwareperformancemonitor data and derivedstatistics, but it only
runs on IBM platforms. Aksum [4] handlesOpenMP and MPI applications run
on Linux clusters and can analyzepro�les acrossmultiple experiments. SvPablo
[15] processespro�les captured for multiple processeson several platforms, and
like HPCView, presents performanceresults in a source-level view. Expert [19]
analyzesmore extensive pro�le information to associate performanceproperties
and problems to di�eren t program and execution views. With its generalevent
representation and programmable analysis, ParaProf is able processthe pro�le
information for many of the scenarioshandledby thesetools.Moreover, although
none of thesetools is speci�cally focussedon large-scaleparallelism, ParaProf 's
pro�le data management and analysis is scalableto thousandsof processors.

3 ParaProf Arc hitecture

Software reuseand componentization lies at the heart of much current research
in software engineering.Our goal in the ParaProf project is to apply these de-
sign principles to performancepro�le analysisand visualization. Given the com-
monalities of pro�le data and semantics, the opportunit y is there to develop a
framework for analysisand visualization that can be specializedfor the parallel
pro�ling problem. To this e�ect, we have abstracted four key components in the
designof ParaProf: the Data Source System(DSS), the Data ManagementSys-
tem (DMS), the Event System(ES), and the Visualization System(VS). Each
component is independent, and provides well-de�ned interfaces to other com-
ponents in the system. The result is high extensibility and 
exibilit y, enabling
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us to tackle the issuesof re-useand scalability. The remainder of this section
describeseach thesecomponents.
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Fig. 1. ParaProf Architecture.

Current performancepro�lers provide a range of di�ering data formats. As
done in HPCView [13], external translators have typically been used to merge
pro�le data sets. Since much commonality exists in the pro�le entities being
represented, this is a valid approach, but it requires the adoption of a common
format. ParaProf 's DSSaddressesthis issuein a di�eren t manner.DSSconsistsof
two parts. One,DSScanbe con�gured with pro�le input modulesto read pro�les
from di�eren t sources.The existing translators provides a good starting point
to implement these modules. An input module can also support interfaces for
communication with pro�les stored in �les, managedby performancedatabases,
or streaming continuously acrossa network. Two, oncethe pro�le is input, DSS
converts the pro�le data to a more e�cien t internal representation.

The DMS provides an abstract representation of performancedata to exter-
nal components. Its supports many advancedcapabilities required in a modern
performance analysis system, such as derived metrics for relating performance
data, crossexperiment analysis for analyzing data from disparate experiments,
and data reduction for elimination of redundant data, thus allowing large data
sourcesto be tolerated e�cien tly . The importance of sophisticateddata manage-
ment and its support for exposingdata relationships is an increasingly important
area of research in performanceanalysis. The DMS designprovides a great de-
gree of 
exibilit y for developing new techniques that can be incorporated to
extend its function.

The VS components is responsible for graphical pro�le displays. It is based
on the Java2D platform, enabling us to take advantage of a very portable devel-
opment environment that continues to increasein performance and reliabilit y.
Analysis of performancedata requiresrepresentations from a very �ne granular-
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it y, perhaps of a single event on a single node, to displays of the performance
characteristics of the entire application. ParaProf 's current set of displays range
from purely textual basedto fully graphical. Signi�cant e�ort has beenput into
making the displays highly interactive and fast to draw. In addition, it is rela-
tiv ely easyto extend the display types to better show data relations.

Lastly, in the ES, we haveprovided a well-de�ned meansby which thesecom-
ponents can communicate various state changes,and requeststo other compo-
nents in ParaProf. Many of the display typesare hyper-linked enabled,allowing
selectionsto be re
ected acrosscurrently open windows. Support for runtime
performance analysis and application steering, coupled with maintaining con-
nectivit y with remote data repositories has required us to focus more attention
on the ES, and to treat it as a wholly separatecomponent system.

4 Op eration

Let us now examine a typical usagescenario. A ParaProf sessionbegins with
a top-level pro�le management window that lets the user decide what perfor-
mance experiments they want to analyze. An experiment is generally de�ned
by a particular application and its set of associated performance pro�les com-
ing from experiment trials . As shown in Figure 2, the pro�le managerprovides
accessto di�eren t pro�le sources(e.g., �le system, performance database, or
online execution) and to di�eren t pro�le experiments. Several pro�le data sets
can be active within ParaProf at the sametime. These may be from di�eren t
experiments, allowing the user to compare performance behavior between ap-
plications, or from multiple runs of the sameapplication where each pro�led a
di�eren t performancevalue. Note that the pro�le management window is where
the user can also specify performance data calculations involving pro�le data
valuesto derive new performancestatistics. We discussthis further below.

Onceperformancepro�les have beenselected,ParaProf 's view set then o�ers
means to understand the performance data at a variety of levels. The global
pro�le view is usedto seepro�le data for all application events acrossall threads2

of execution in a singleview. Of course,not all of the pro�le data can be shown,
so the user has control over what performancemetrics to display through menu
options. The global view is interactive in the sensethat clicking on various parts
of the display provides a meansto explore the performancedata in more detail
through other views. For example, the global view of a 20-processorVTF [18]
parallel pro�le is shown in Figure 3. The two other viewsshow 1) the performance
of one event acrossall threads, gotten from clicking one color segement, and 2)
the performanceof all events acrossa single thread, gotten from clicking on the
node/context/thead identi�er. The full pro�le data for any thread can be shown
in an ASCII view at any time.

2 We use the term \thread" here in a general senseto denote a thread of execution.
ParaProf 's internal pro�le data is organized based on a parallel execution model
of shared-memory computing nodes where contexts reside, each providing a virtual
addressspaceshared by multiple threads of execution.
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Fig. 2. ParaProf Pro�le Management Window.

All of the pro�le views are scrollable. For large numbers of events or large
numbers of threads, scrolling e�cency is important and we have optimized this
in our Java implementation. We have also provided support for sizing down the
display barssothat larger numbersof threadscanbe visualized.Nevertheless,for
applications with high levels of parallelism, the two-dimensionalpro�le displays
can becomeunwieldy when trying to understand performancebehavior. We have
recently implemented histogram analysissupport to determinethe distribution of
data valuesacrosstheir value range.A histogram display shows the distribution
asa set of value bins (the number of bins is userde�ned) equally spacedbetween
minimum and maximum. The number of pro�le valuesfalling in a bin determines
the height of the bin bar in the display.

Concurrent graphical and textual data representation at every stage pro-
vides for a seamlesstranslation between levels of data granularit y. In addition,
the DMS controllers enableeasynavigation betweendata sourcesthus facilitat-
ing understanding of data relationships in the AE. To highlight the importance
of this last point, let us consider the following important analysis requirement.
Most modern CPUs provide support for tracking a variety of performancemet-
rics. The TAU performancesystem [16], for example, can simultaneously track
CPU cycles,
oating point instructions, data cache misses,and so on, using the
PAPI library . A consistent problem in performanceanalysishasbeenhow to ex-
amine on a large scaleother usefulperformancemetrics that can be derived from
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Fig. 3. ParaProf Display of VTF Pro�le.

measuredbase values. For example, to determine how e�cien tly the pipelines
of modern super-scalar architectures are being used, our performance system
might have accessto both CPU cycles,and instruction counts, but givesus no
correlation between the two. It is cumbersometo identify performance bottle-
necks in CPU pipe utilization acrossthousands of events or threads if one has
to make visual comparisons.To solve such problems,ParaProf 's DMS can apply
mathematical operations to the performance metrics gathered, thus obtaining
more detailed statistics. These operations can be applied to single executions,
to executions in di�eren t runs, and even acrossexperiments, thus allowing a
complex range of derived metrics to be gathered. When examining data across
experiments, the DMS can tolerate disparities in data sources(an event might
be present in onesource,but not another) by examining the commonalities that
do exist, and presenting only those. Data sourcesare treated as operandsin the
system, and the DMS allows a user to compose operations to produce a vari-
ety of derived statistics. Results from this analysis can then be saved for future
reference.

To aid in the visual process,the ES passesuser activit y betweenwindows so
that areasof interest highlighted in one window are propagated to all related
windows. This greatly reducesthe time spent correlating data shown in di�eren t
displays. Another feature of ParaProf (not show here) is its abilit y to recog-
nize and create event groupings. Events can be grouped either at runtime by
the performancesystem(supported in TAU), or post-runtime by ParaProf. Dis-
plays can then be instructed to show only events that are members of particular
groups. This provides another mechanism for reducing visual complexity, and
focusing only on points of interest or concern. ParaProf 's DMS demonstrated
its abilit y to simultaneously handle the large quantit y of data comfortably. Any
data redundanciespresent in the sourcedata were eliminated as expected, and



8

we showed (via duplication and renaming) that the only practical limits to Para-
Prof 's operation are the memory limitations of the platform. Even thesecan be
alleviated to a great extent by the useof a central repository of data (such as a
database) to which ParaProf can be directed to simply maintain links.

5 ParaProf Application

ParaProf, in its earlier incarnation as jRacy, has been applied in many appli-
cation performance studies over the last several years. The additions we have
madefor pro�le management, multi-exp eriment support, derivative performance
analysis,performancedatabaseinteraction, and large-scaleparallel pro�les, plus
overall improvements in e�ciency , have elevated the tool to its new moniker dis-
tinction. Here we would like to focus on ParaProf 's support for pro�le analysis
of large-scaleparallel applications. This will be an important area for our future
work with the DOE laboratories and ASCI platforms.

Fig. 4. Scalable SAMRAI Pro�le Display.

To demonstrate ParaProf 's abilit y to handle data from large parallel appli-
cations in an informativ e manner, we applied ParaProf to TAU data obtained
during the pro�ling of a SAMRAI [8] application run on 512 processornodes.
SAMRAI is a C++ classlibrary for structured adaptive meshre�nement. Figure
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Fig. 5. SAMRAI Histogram Displays.

4 shows a view of exclusive wall-clock time for all events. The display is fully
interactive, and can be \zo omed" in or out to show local detail. Even so, some
performancecharacteristics can still be di�cult to comprehendwhen presented
with so much visual data. Figure 5 shows one of ParaProf 's histogramming op-
tions that enableglobal data characteristics to be computed and displayed in a
more conciseform. In this case,we seebinning of exclusive time data acrossthe
system for the routine whosetotal exclusive time is largest, MPI Allreduce() .
We have included another histogram showing the 
oating point instructions of a
SAMRAI module; this data wasobtained usingTAU's interfaceto PAPI. Clearly,
the histogram view is useful for understanding value distribution.

6 Conclusion

The ParaProf pro�le analysis framework incorporates important features from
a rich heritage of performance pro�ling tools while addressingnew challenges
for large-scaleparalle performanceanalysis. Although ParaProf was developed
as part of the TAU performancesystem,our primary goalsin ParaProf 's design
were 
exibilit y and extensibility. As such, we are positioning ParaProf to accept
pro�le data from a variety of sources,to allow more completeperformanceanal-
ysis. We will also continue to enhanceParaProf 's displays to aid in performance
investigation and interpretation. In particular, there are opportunities to apply
three-dimensional graphics to visualize pro�le results for very large processor
runs. Currently , we are developing an advanced visualization library basedon
OpenGL that can be usedby ParaProf.

There are two areaswherewe want to improve ParaProf 's capabilities. First,
other parallel pro�le tools provide linkageback to application sourcecode. The
information neededfor this is partly encoded in the pro�le event names, but
ParaProf needsto have a standard meansto acquire sourcemapping metadata
(e.g., source�les, and line and column position) to associate events to the pro-
gram. We will apply our PDT [12] sourceanalysis technology to this problem,
and alsohope to leveragethe work in HPCView. In addition, sourcetext display
and interaction capabilities are required.
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The secondarea is to improve how performance calculations are speci�ed
and implemented in ParaProf. Our plan is to develop an easyto useinterface to
de�ne analysisformalae,whereby more complexexpressions,including reduction
operations, can be created. These can then be saved in an analysis library for
reusein future performancepro�ling studies.
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