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Technology for empirical performanceaduation of parallel programs is den by
the increasing compiéy of high performance computing\@ronments and
programming methodologies. This comyptg — arising from the use of highyel parallel
languages, domain-specific numerical frameks, heterogeneougecution models and
platforms, multi-le@el software optimization stragges, and multiple compilation models
widens the semantiag between a programmertinderstanding of his/her code and its
runtime behwior. To keep pace, performance tools mustvate for the eiective
instrumentation of compkesoftware and the correlation of runtime performance data with

usetrlevel semantics.



To address these issues, this dissertation catgsb

» a stratgy for utilizing multi-level instrumentation to impe the cwerage of perfor-

mance measurement in compléayered softare;

» technigues for mappingwslevel performance data to highewvéds of abstraction in

order to reduce the semantipgbetween userabstractions and runtime betwa; and

» the concept of instrumentatiomvare compilation thateends traditional compilers to
presere the semantics of fine-grained performance instrumentation despite aggressi

program restructuring.

In each case, the dissertation\pdes prototype implementations and case studies of the

needed tools and framerks.

This dissertation research aims to influence thg performance obseation tools

and compilers for high performance computers are designed and implemented.
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CHAPTER |

INTRODUCTION

Computational scientists are finding it increasinglyialift to understand the
behaior of their parallel programs. Fueled byee increasing processor speeds and high
speed interconnection nedvks, adances in high performance computer architectures
have alloved the deelopment of increasingly compiéarge scale parallel systemsa T
program these systems, scientists rely on multi-layered a@tarironments with
compiler parallel runtime system and numerical library support for higékle
programming abstractions. These&ieonments shield the users from the intricacies of
low-level operations while imprang program performance with more aggressi
architecture-specific optimizations. While necessary to reign in programming
complities though, these adrced softwre ernironments distance the user from system
performance bel&r. The semanticap between the abstractions used in programming
and the lav-level behaior of the transformed code mak difficult for scientists to
obsenre, analyze and understand their code. This is a particular problem when, as is often
the case, acceptableséds of performance are not met. Scientists as well asa@ftw
developers, need the support of sadte tools to help identify the source of performance

anomalies.



To obsere the behaor of a program, instructions must be inserted into the
program to record interesting aspects of xiscation and pnade insight into its
performance characteristics. The performance space of a program camndxalieng

three distinct instrumentation and measuremeas$:ax

* How are performance measurements defined and instrumentation alesricabsen;

» Whenis performance instrumentation added and/or enabled (pre-compile-time, com-

pile-time, link-time, runtime); and
* Wheein the program performance measurements are made (granularity and location);

Scientists need a Kible way of designing performance problem solving
experiments in order to nagate through this potentially lge multi-dimensional
performance space [73]. Eackperiment is intended to generate performance data and
results that can bring insight to performance concerngeis, performance
experimentation must resaha performance obseamon dilemma [72]: too much
instrumentation can generate too much performance data that can perturb a parallel
application and modify its betiar, while too little instrumentation may notvesal
enough detail to be useful. Prudent choices must be made at the instrumentation phase, to
generate just the right amount of instrumentation tlatl@vhighlight a performance
anomaly without unduly perturbing the application. This requires choosing appropriate
points along the instrumentation and measuremegs tixcompose a performance
experiment. If a tool restricts the choices in selection and control of performance
experimentation, it will be dffcult to use such a tool txglore and interpret the

performance of a compigarallel application. A measure of a tedlexibility is in the



freedom it ofers in performancexperiment design by choosing points along the three
how/when/whexaxes of the performance space byydog adwances in performance
instrumentation and mapping techniques and technof@gywork aims to preide
greater flaibility in exploring the performance space. Inying greater fleibility,

there are three issues that arisev hm get complete a@rage of obseable data from the
ervironment, hav to maintain the uses’level of abstraction, and oto provide fine-

grained access to program data and constructs.

1.1 At What Leel Within the Ewvironment Should Performance Instrumentation be

Done?

Programs undgo mary phases of transformations beforxeeution as themove
through thesource-compile-link-gecutelevels as shen in Figure 1. Instrumentation can
be introduced at grlevel. Until nov, however, tools hae been designed tather
performance data at only oneéé Thus, thg do not aford complete obseation
coverage. Br example, a kibrid parallel application that uses message passing for inter
task communication and multi-threaded parallelism within tasks cannot be fully etbserv

by monitoring communicationvents.

* \We present a multi-leel instrumentation &mevork that would allow us to gather data
appropriate to any code ansformation and runtimexecution leel and seamlessly

move between iels as the focus of performancgleration dhanges.



| source code|

preprocesso

| source code|

| objectcode | | libraries |

( linker )

| executable |

(operating systen)

| runtime image |

(V|rtual machine )

Figure 1. Levels of program transformations

Targeting instrumentation at multiplevigls of program transformations requires
cooperation between multiple instrumentation irstees. This als us to support
multiple execution and measurement models tovjate flexibility in composing a

performancegeriment and to aer obserable behaior more completely

1.2 Hav Do We Relate the Performance Data Back to Constructs that the User

Understands?

Typically, tools present performance data in terms of entitiadadle at the heel
where it vas @thered. The form of these constructs is ofeny different from the source

code constructs.df example, in Figure 2 we seewdigh-level array &pressions in C++



Buffers Files Tools Edit Search Mule Help

HTime Exclusive Inclusive #Call #5ubrs  Inclusive MName
msec total msec usec/call
100.0 0.0z24 19,993 1 1 19993926 _startoff(] vold (Thread )
100.0 3 19,993 2 23 9996951 schedule_private() wvoid (]
100.0 1 19,988 11 11 1817173 Iterate{FastRsync: :executel|
() void ()
I 29.2 5,840 5,840 =) 0 1168089 run ExpressionkerneldArrayy

2, VWiewD{Array<2, double, Brickr::This_t>::NewT_t, ViewOd{Array<2, double, Brick>::This_tX\
»i:iNewEngineTag t», OpAssign, ConstArray<Z, doukle, ConstantFunction?, KernelTag<WiewOd{Ay
rray<2, double, Brick>::This_t>::Type_t, YiewO{ConstArray<2, double, ConstantFunction>::
This_t»::Type_t»::Kernel_t>

13.6 2,727 2,727 1 Q 2727246 frun Expressionkernel (Array
2, VWiewD{Array<2, double, Brickr::This_t>::NewT_t, ViewOd{Array<2, double, Brick>::This_t\
scNewbnoipeTas t Opfssign, ConstArray<?, YiewO<{ConstArray{2, MakeReturn<BinaryMNode<{Opy
t, Reference{ArrayCreateleaf<2, double, Brick’::ArraylLeaf_t>, Ry
<2, double, Brick>::ArraylLeaf_t>>, BinaryNode<OpMultiply, Scalary
E m = m ayCreateleaf<Z, double, Brick>::Arrayleaf_t>>>>::T_t, ExpressionTy
Dinclude "PoonasArrags.h e<Opadd, BinaryNode<OpSubtract, ReferencedArrayCreateleafd?, douby
>, ReferencedArrayCreateleaf (2, double, Brick>::ArraylLeaf_t>>, BiY
alar<{double>, ReferencedArrayCreateleat<Z, double, Brick>::Arrayly
is_tX::NewT_t, WiewO{ConstArray<2, MakeReturn{BinaryNode<OpAdd, BY

T

=.j derm

#include <iostream.h>

/7 The size D{'_E‘ach side of the domain, eferenceArrayCreateleaf<2, double, Brick>::Arrayleaf_t>, Refereny
const. int N = 3x1024: ouble, Brick>::Arrayleaf_t>>, BinaryMode<OpMultiply, Scalar<{doubl™|
teleaf<2, double, Brick>::Arrayleaf_t>>>>::T_t, ExpressionTagdMak?y

int cl, BinaryMode<{OpSubtract, Reference{ArrayCreateleaf<2, double, Bry
nain{ erencedArrayCreateleaf <2, double, Brick>::Arrayleaf_t>>, BinaryNoy
int &rgc, /4 argument count oubler, Reference{ArrayCreateleaf(2, double, Brick)::Arrayleaf_t>Y\
char * arzvll // argument list :NewE Tag_t>, KernelTag<ViewO<Array<2, double, Brickd::This_t\

1 Y MakeReturn<BinaryNode{OpAdd, BinaryMNode{OpSubtract, Refer

/4 Initialize Pooma, buble, Brick?::ArrayLeaf_t>, Reference{ArrayCreatelLeal<2, doubl}

Pooma:tinitialize(arge, argu):

», BinaryMode<OpMultiply, Scalarddouble’, Reference<ArrayCreatele
rrayleaf_t>>>>:1:T_t, ExpressionTag(MakeReturn{BinaryNode<OpAdd, BY
eferenceArrayCreateleaf<Z, double, Brick>::Arrayleaf_t>, Refereny
ouble, Brick?::Arrayleaf_t>», BinaryMNode<{OpMultiply, Scalar<doubly
teleaf<2, double, Brick>::Arrayleaf_ti>>>::Tree_ti>::This_th::Typy

/7 The
Arr

rray we'll be solving for
AN, N3, BON.ND L. CONLND. DONLNY. E(N.N3:

/4 Must block since we™r utorial 4i,

Poona: tblockAndEvaluate (32

doing some scalar code (sg

2,584 1 0 2584162 run ExpressionkerneldArrayy
e, Brickr::This_t»::NewT_t, ViewO<Array<Z, double, Brick>::This_t
ssign, ConstArray<?, YiewO<{ConstArray{2, MakeReturn<BinaryMNode<{Opy
Reference{ArrayCreateleaf<{2, double, Brick’::ArraylLeaf_t>, Referey
couble Referencel{ArrayCreateleaf <2, doubly

Pooma: thlockAndEvaluate ()

cout < "D{L.1)
cout. << "D{9.9

"L DLy {Cendl
"4 D99 <Cendl:

Cli up Pooma and report success,

alize(i:

return

Figure 2. Routine-based profiles are insufficient in dealing with complex transforn

[101] are transformed during compilation intevitevel routines that hae an
incomprehensible (“mangled”) form. In the figure, the arvgyression “C=E-A + 2.0 *
B;” circled in the source code is represented in the performance output bygthe lar
outlined epression in the middle of the figure. Relating tixigression back to the ab®
statement is tedious (if not impossiblejee for an gpert familiar with the inner
workings of the compile time and runtime optimizations erygdioby the numerical

framework.



» Our work on performance mappings allows usdiate lowerlevel abstactions bak

to the original higheilevel constructs in the psence of mgram transformations.

The techniques relate semantic constructs to the program data, enabling collected
performance data to be correlated with the higlellanguage constructs that are

meaningful to the user

1.3 Hav Can W Implement Fine-Grained Performance Instrumentation at the Source

Level?

Performance>gerimentation is an iterag process in which scientists ofteam
to refine the focus of their instrumentation and measurement to &aebiighlight
different aspects of programezution. Most tools support only routine-based
instrumentation. This alles tools a dgree of language independenca, ib limits the
users ability to malk fine-grained measurements at the source cuoedk Te fully explore
the performance of a program, scientists must be able to refine the focus of
instrumentation so that thean relate performance data to semantic entities as small as
individual statements. Unfortunateuch source-based instrumentation may conflict with
the optimizations performed by the compil@ptimizers routinely mge code during
transformation, making it ditult to accurately attrilte the cost of statements that are
moved out of the scope of timing focus. A compiler may also assume that an
instrumentation call modifies globahwables, and thus it magif to apply optimizations

that it would have in the absence of instrumentation.



* In this work, we deelop a model of instrumentation-awasompiles that gneate

optimized code that performs ceat measwments.

Such a scheme requires a model for aitiiiyg costs and an algorithm that
correctly instruments the optimized code using mappings that relate post-optimized code

to source-leel statements.

1.4 Contrilutions

To address the limitations of completeremage, uselevel abstractions, and

granularity of instrumentation, this dissertation corniies:
» a stratgy for utilizing multi-level instrumentation to impxe the coerage of perfor-
mance measurement in compl&ayered softare;

» techniques for mappingwslevel performance data to highewéds of abstraction in

order to reduce the semant&pmbetween userabstractions and runtime betwa; and

» the concept of instrumentatiomyare compilation thateends traditional compilers to
presere the semantics of fine-grained performance instrumentation despite aggressi

program restructuring.

1.5 Ompanization of the Dissertation

Chapter Il presentsark related to this area. Chapter Il presents our muéte

instrumentation model and a prototype implementation. It includes a case study of a



message passing application written iwaJd 10] that highlights the benefits of
instrumentation at the sourcevdd, at the library leel, and at the virtual machinevid.
Chapter IV introduces our model for mapping/evel information to uselevel
abstractions. It includes twcase studies that shdnow such a model could befettively
applied. Chapter V describes instrumentatiorat@ compilation thateends traditional
compilers to preseevthe meaning of instrumentation calls. A prototype compiler is
presented in detail. It includes a case study in instrumenting a kglZleL program
requiring two levels of compilation. W demonstrate lothe instrumentationveare
compilation model can be applied at both stages, along with megtitfestrumentation to
map the performance data to highemel abstractions that a ZPL programmer may
understand. FinallyChapter VI presents conclusions and directions for future research in

this area.



CHAPTER Il

RELATED WORK

2.1 Introduction

The process of impwuing the performance of a program igkc. It starts with
observing the bek&r of an application in terms of its performance characteristics.
Analysis of this behaor enables performance diagnosis, that is, tlreldpment and
evaluation of a fipothesis for poor performance. Thgpbthesis leads to the
determination of program changes and tlieady of those changes isauated agin in
terms of obserd performance characteristics. The ability to oleséme performance of

an application is thus fundamental.

In order to obser performance, additional instructions or probes are typically
inserted into a program. This process is called instrumentation X€bet®n of a
program is rgarded as a sequence of significardres. As gents gecute, thg activate
the probes which perform measurements (such as calculating the duration of a message
send operation). Thus, instrumentaticp@ses ky characteristics of arnxecution.

Performancewaluation tools present this information in the form of performance metrics.
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Performance bottleneck detection tools go one step further and automate the process of

identifying the cause of poor performance.

In this chapternwe present the contrbons of \arious projects in this field oF the
sale of classification, we dide the performance obsation tools in tvo main catgories:
post-mortem and on-line performance tools. Post-mortem tools, discussed in Section 2.2,
help the user characterize the bebaof the application by analyzing the results of an
empirical performancexperiment after the application terminates. While this approach is
useful for studying the bet@mr of the application, it has limitations in dealing with long-
running applications.df this class of problems, tools for on-line performance monitoring,

discussed in Section 2.3, are better suited.

2.2 Post-Mortem Performance &wation

Post-mortem performancgaduation tools for parallel programs traditionaki f

into two catgories: profiling andent-tracing. W& discuss each separately

2.2.1 Profiling

Profiling tries to characterize the belwa of an application in terms of aggede
performance metrics. Profiles are typically represented as a lstiofis metrics (such as
wall-clock time) that are associated with prograrelesemantic entities (such as routines

or statements in the program)me is a common metric usedtary monotonically
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increasing resource function can be used. Tlent&in approaches to profiling include

sampling-basegrofiling andinstrumentation-basegrofiling [40].

2.2.1.1 Sampling-based Profiling

Sampling-based profiling periodically records the program state and, based on
measurements made on those states, estimategetfadl performance. Prof [38][114] is
typical. It uses a hardave interal timer that generates a periodic interrupt after a certain
amount of time elapses. At that interrupt, the process state is sampled and recorded. Based
on the total number of samples recorded, the iatdrstween the interrupts and the
number of samples recorded when a particular cogieesat is ®ecuting, statistical
techniques are empled to generate an estimate of the re¢adlistribution of a quantity
over the entire program. Sinceeats that occur between the interrupts are not seen by the
performance tool, the accukaof this approach depends on the length of the iaterv
which typically \aries from 1 to 30 milliseconds. Increasing the irdereduces the fed
measurementverhead of profiling, ot decreases its resolution. As processor speeds
continue to increase, Wvever, sampling based on time can lead to sampling errors and
inaccuracies. An alternaé, implemented in the unix profiling tool Speedshop [114] uses
sampling based on the number of elapsed instructions betweenténrupts. This
removes the dependeyon the clock speed. Another altermatis to use the hardwe

performance monitors pvaed by most modern microprocessors.
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Hardware performance monitors can be used both as atterarlers and as
sampled data. Tleare implemented as on-chigrgters that can transparently count
guantities, such as the number of instructions issyetescompleted, floating point
operations performed, number of data and instruction cache misses seen. Most
microprocessors pvade two or three rgisters (which implies that twor three counters
can be used simultaneously), a mechanism to read and resgfistkerseand an interrupt
capability when a countewerflons. Tools such as Inted’VTune [47], SGI SpeedShop
[114] and Compag DCPI [3] use interrupt inteals based on the number of instructions
issued. SpeedShop alle the use of other quantities measured by the R10000+ processor
hardware performance counters [141] such as generation of an interrupt aftena gi
number of secondary data cache misses. Wighes two preset gperiment types for each
of the counters that use prime numbers for the elapsed counts;pfdfiles of the
application using diérent prime numbers are similéinen the eperiment is deemed to be
valid. PCL [14] and RPI [18] provide uniform interéces to access hardwe performance
counters on multiple platforms. Performing measuremeisigvely in hardvare is non-
intrusive kut the softvare-based instrumentation to access their data is not. A combination
of both softvare and hardare-based measurement schemes is ingpRit less so than if

the measurements were made completely in sofw

In sampling-based profiling, either the program counter (and thus the currently
executing routine) is sampled or the callstack is sampled. In the first case, the program
counter is translated to the currentkeeuting block of code and the number of samples

associated with that block of code is incremented. This approach is usedsn SGI’
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Speedshop [114]. In the second case, the callstack is sampled, and the time for the block
of executing code is incremented. This althe computation of botlxeusive and

inclusive time. Exclusie time is the time spenkecuting the gien routine not including

time spent on other routines that it called. Incle@gime includes the contrkions from

callees computed by trarsing the callstack. Based on the number of samplen tala

given block, the time spent in the block is estimated using the sampling frgguehthe

processor clock frequenc

Thegprof [37] tool extends prof to she the callercallee relationship using call
graphs instead of flat profiles. Based on the number of times a routine (paehkes in
another routine (child), gprof estimates the contidn of a routine along a callerllee
edge in the call-graph. It\ddes the time spent in a routine among its callers in proportion
to the number of times the routinasvcalled by them. It reports this call-graph
information to one keel. While this may be misleading in cases where tHerdift
invocations of the routines perform unequalkky it highlights the importance of call-

graphs.

The Cpprof tool [40] uses call paths, or sets of stack traces (sequences of functions
that denote a threaltalling order at a gen instant of time) to present performance in
terms of call sequences between routines. This is the logixtadtee from gprof-based
profiles which can be considered as call paths of length 2. Call path refinement profiles is
a novel reduction technique that can report the cost of all edges that represent calling
sequences betweenyatmvo entities in the call graph. It can aggate the output of

performance queries to limit uninteresting details and answer the call path related question
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succinctly However, this dgree of flibility requires a significant amount of memory (as
compared to gprof) to store@exy unique stack trace in memohy Hprof [132], a profiler

for the Jaa language, samples of stack traces are used (similar to call path profiling
approach) to construct a CPU time profile. It uses instrumentation at the virtual machine

level to support profiling of multi-threadedvadaprograms.

Compags DCPI [3] tool uses continuous sampling of the operating system and
applications thatxecute under it. It randomizes the intrisetween samples to produce
an accurate report of where the program spends its time wothe indvidual instruction
level. DCPI reports, for each instruction, the frequewoicits execution, the ycles per

instruction it spent at the head of the queading to execute, and the causes for its stalls.

Although, sampling-based schemedeufrom incomplete ceerage of the
application (especially for applications that@a short life-span), thidhase a distinct
adwantage of fird, lov instrumentationwerhead and consequently reduced measurement

perturbation in the program.

2.2.1.2 Instrumentation-Based Profiling

With instrumentation-based profiling, measurements are triggered byettigion
of instructions added to the code to track significaahts in the program such as the
entry or &it of a routine, thexecution of a basic block or statement, and the send or

receipt of a message communication operatigpically, such profilers present the cost of
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executing diferent routines in a program. Examples include Quantify [97], Optimize It!

[133], TAU [75], Speedshop [114].

Of particular interest is the instrumentation code its@lF insert
instrumentation code during thfent phases of compilation arxeeution. Quantifya
commercial profiler from Rational Sofare, uses an objectwating technique to insert
instrumentation in a C++ or C program. It does not requiyeagplication source code
and caneen instrument libraries with runtime linkages (such as dynamieditikraries).
This instrumentation is triggered at routine transitions and performance measurements are

made at these points.

Optimize It!, a profiler for the Ja language, places instrumentation at the virtual
machine lgel [132] to generate summary statistics of performance metrics. It loads an in-
process profiling agent thatgisters a set of call-back routines for program and virtual
machine gents. These routines arevaked by the interpreter in the virtual machine as it
executes the Ja bytecode. Thus, instrumentation code is added at runtime, without an
modifications to the source code, the bytecode or the virtual machine image. Optimize It!
allows a user to choose from both sampling and instrumentation-based profiling

techniques.

Speedshopg’ideal time gperiment uses Pixie [134][116] to re-write a binary
image to count basic blocks in theeeutable. These counts are thenveoted to idealized
exclusive times using a machine model. The ideal time represents the best-case
executions, and actuakecution may tad longer as it does not account for delays due to

cache misses and stalls.
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The PT project from the Uwversity of Wisconsin difers from the abee profilers
in an important aspect: instead of counting basic blocks at entrabiats (thereby
recording each instance, as in Pixie), it inserts instrumentation along the edges of the
programs control flav graph (CFG) for optimal placement of instrumentation. In their
work, they report a reduction in profilingverhead by aactor of four or more [10]. In
short, instead of instrumenting nodes in the contral icaph, thg choose to instrument
selectvely along edges, based on a heuristic that uses either performance data from a prior
run or the structure of the CFG to guide its instrumentation decisioreslLintify and

Pixie, QP also instruments axeeutable using binary re-writing techniques.

TAU [113] has the ability to instrument at multiple stages of code transformation.
It allows for routine, basic-block and statememneldimers to generate profiles as well as
event-traces. 61 profiling, it allovs a user to choose from measurement options that range
from wallclock time, CPU time and process virtual time to haneéperformance

counters [111].

2.2.2 Eent Tracing

While profiling is used to get aggiate summaries of metrics in a compact form, it

cannot highlight the timearying aspect of thexecution. D study the post-mortem

spatial and temporal aspect of performance daémtdracing, that is, the adity of

L A CFG connects basic blocks (represented as nodes) to show the flow of control among instructions in a
routine. A basic block contains sequences of instructions that have a single entry and exit point and no
branches in or out of the block.
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capturing anent or an action that tak place in the program, is more appropriatenEv
tracing usually results in a log of theeats that characterize theegution. Eachwvent in
the log is an ordered tuple typically containing a time stamp, a location (e.g., node,
thread), an identifier that specifies the typeveint (e.g., routine transition, usgefined
event, message communication, etc.) avehéspecific information. Ent tracing is
commonly emplged in delngging [24][60][109][83][84][85][86][87][88][142] and

performance analysis [34][71][91][99][74][82][139][140].

In a parallel gecution, trace information generated orfiedént processors must be
memed. This is usually based on the time-stamp which can reflect logical time [65] or
physical time. The logical time [61] uses local counters for each process incremented
when a local eent tales place. The pisical time uses reference time obtained from a

common clock, usually a globally synchronized real-time clock [45].

Trace huffers hold the ordered and mged logs. Thg can be shared or pate. On
shared memory multiprocessors, multiple threads can easily access a sharedféiace b
providing an implicit ordering and mging of trace records and maximizing theféer
memory utilization. Pyiate luffers can be used in both shared memory and distidb
memory systems. Since thefter is private, there is no contention for iytithe trace
buffer memory is not optimally utilized due tarying rates of\eent generation in tasks.

In either case, the tracefter needs to be periodically flushed to disk and this can be done
either by the local tasks or by axternal trace collector task that shares the trafferb
with the rest of the tasks. The traedfer can be in the form of aetor or a circularudfer

(ring). In TAU [113] a prvate trace bffer in the form of a gctor is used without a trace
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collector task, whereas in BRISK [9], a shared circular traffeitis used with a collector
task. There are twpolicies used in flushing theffer to the disk: flush-on-full and flush-
on-barrier In the formerthe contents of a traceffer and flushed to stable storage when
the luffer is filled, as in AU [81]; in the latterall tasks flush the tracefber to disk when

the parallel program reaches a synchronization point, as in Split-C [39]. When the
program terminates, tracefters are flushed to disk as well. In Ceddracing system

[71], a user can select between a statically allocated 8ize traceudfer or dynamically
allocated traceudfers using linked huffer blocks, and the user can choose where the trace
buffers will be stored in the Cedammemory hierarch Also, runtime trace 1/0O can be
selected that causes the trace collection task to run concurrently with the program task and
the trace 1/O can be sent to a file or to a task on a remote comyerter metwark. After

the events are logged, these traces often need some form of post-processing [137]. This
could tale the form of maging event traces from multiple tasks, and/or wersion to

another trace format.

Instrumentation can perturb an application and modify its\behd&vent tracing
is the most imasve form of instrumentation because tlodivne of data generated is quite
large and thus it may perturb the application more than other forms of performance
measurement. Malgrn72] shaved that perturbation analysis can be done mpiases.
Firstly, given the measured costs of instrumentation, the trad @mes can be adjusted
to remwe these perturbations. Secondjiven instrumentation perturbations that can
reorder tracevents, the eent sequences need to be adjusted based oriddye of gent

dependencies, maintaining causalitfius, both time-based angeat-based perturbation
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models are used to compensate for the perturbation. While analyzing the traces, AIMS
[139] and [104] try to re-create thgezution of un-instrumenteceyrsions of message

passing programs by compensating for this intrusion. This is an important step in ensuring
that traced eent orderings are presexywhile remuing the perturbation (e.g., ensuring

that a message is not reesd before the corresponding send operation).

The Rablo project [99] from the Uwersity of lllinois, Urbana Champaign, uses
event tracing to deelop performance tools for both message passing and data parallel
programs. It preides a source code instrumentation irgteefthat inserts usepecified
instrumentation in the programalBlo de-couples the meaning of the performance data
from its structure using the self defining data format (SDDF) [99] for generating trace-
logs. This de-coupling forms the basis for udefined data visualization where data
reduction and display modules can be plugged together for specialized data analysis. The
user can interconnect nodes for performance data transformation, to forgtlandata
analysis graph. Performance datavdhrough this graph and performancewlsalge is
extracted from this data. The performance metrics are correlated with source code
locations in the application and presented alongside the source code indhé3$28]
interface. SvBblo is an intgrated emironment that allavs for instrumentation, supporting
both manual and automatic modes using parserftiaf dialects and C, and analysis of
performance data. The analysis graphical user aderfupports avrse collection of
data presentation modules [42] such agtaguhs, bbble charts, strip charts, contour
plots, intenal plots, kviat diagrams, 2-D and 3-D scatter plots, matrix displays, pie charts,

and polar plots [100]. TheaBlo group hasxplored support for display technologies such
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as sound [70] and immevs! virtual enironments [123] for displaying higher dimensional

data.

Another significant contriltion of the Rblo project is in the area of igi@tion of
performance tools with compilers for high# parallel languages, such awtran-D [1].
Using information visible during program transformations in the comjiilean generate
a wealth of performance data that corresponds to source code abstractions. The Cray MPP

Apprentice [96] tool for profiling also benefits from a similar gnegion with compilers.

All of these tools must manage theglanolume of trace data.aBlo allaws the
user to inoke a user definedrent handler to perform on-the-fly data reduction and
supports automatic throttling ofent data generation te@d swamping. When a
threshold is reached for amemt, eent recording is disabled or replaced by periodic
logging. Other techniques to control tr@ume of performance data, include selesi
tracing routines and statements that belong to a set of profile groups specified during
program &ecution, as in AU [113], and call-graph based techniques, as in QPT [64]. In
QPT, the tracing counterpart of the QP tool described eanigights on edges of the

control flav graph dictate whether an edge is instrumented or not [10].

We naw shift our focus from post-mortem approaches, such as profiling and

tracing, to on-line performanceatuation approaches.
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2.3 On-line Performance Blation

The motvation for runtime performance monitoring are yahis suitable for
long-running programs or s@wprocesses that are not meant to terminate; it does not
have to contend with a hugelme of performance data as wreat-tracing as
performance analysis occurs concurrently with prograeswion; and it highlights the
performance data for the curremeeution state of the application which can be related to
other system parameters (e.g., diskvagti CPU and memory utilization, load on the
system, and nefwvk contention). Examples of on-line performancal@ation tools
include the program monitor used by the Issos system [92] that performs quality-of-
service (QoS) measurements, Autopilot [102][131] for use in agapEsource

management, andAU [107][112] for on-line-monitoring of profile data.

The goal of performancevaluation is to diagnose a performance probleoraid
in detecting performance bottlenecks, tlagddyn [79] project from the Uversity of

Wisconsin automates the process of performance bottleneck deteatiadyfsearches

for performance bottlenecks using thé ¥garch model [43]. It tries to answeny a
program is performing poorlyhere its bottleneck lies, andthenit occurs. These wh
where and when questions nealkp the a@s of a performanceploration space. As the
application &ecutes and generates performance dat@adyns performance consultant
evaluates a hierarchical set of rules to refine a performarpshesis (e.g., is the

program CPU bound?)aPadyn inserts and deletes instrumentation code to perform
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measurements while the applicatior®eutes using a runtime-code patching itesf

DyninstAPI [43][20][44][45], for instrumentation.

Paradyn preides a hierarchical display of performance data, refined from its
predecessotPS-2 [80], to shw the progress of the search for bottlenecks. The higrarch
consists of a root node which represents the program and other nodes include machines,
source code, and processes. As the search progresses, nodes and edges in the tree are

expanded and pruned until a bottleneck is identified.

Paradyn-J [89][90] is anxéension of Rradyn that detects bottlenecks in
interpreted, just-in-time compiled, and dynamically compiled programs. In the case of
Java, there is an interdependence between the application program and the interpreter
embedded in the virtual machinarBdyn-J preides a representational model that
captures the interaction between the amd &poses it to performance measurement
tools. In Rwradyn-J, tw hierarchical tree displays represent the performance
characteristics of the application and the virtual machine. This presduddhe
performance data for both the applicationaleper as well as the virtual machine
developer and it allavs for a correlation of performance data while searching for

performance bottlenecks.

ParaMap [49][48] is a closely related project that aims to magddael
performance data back to sourceeleconstructs for high-lel parallel languages. It
introduces a nounerb (NV) model to describe the mapping from onell®f abstraction
to anotherA noun is ay program entity and aevb represents an action performed on a

noun. Sentences, composed of nouns @nllsy at one el of abstraction, map to
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sentences at highewigs of abstraction.&aMap uses three tifent types of mappings:
static, dynamic and a wetechnique based on a data structure called the set\af acti

sentences. Ouravk builds upon these mapping abstractions as described in Section 4.3.

Some tools incorporate the use of historical performance data collected from prior
executions. Bradyn, for gample, can makuse of such data in speeding up the search for
bottlenecks [56]. This addresses a broader problem of managing performance data from
multiple experiments and all@ing a user toxamine the wolution of the program in terms
of its performance data. ¥Win Pablo, historical data is used invédoping models that
predict the totalxeecution time of a parallel program as a symbotjression using the
number of processors, problem size, and other system specific parameters [77]. This is
useful in determining v well a program will scale on a parallel machine. Predicting the

scalability of a program has also been addressednaRe[106] and Cray PExpert [59].

In contrast, BT (Parameter based Performance Predictiool)l[29] estimatesdy
performance parameters of a data parallel program, rather tharxémtiatien time. It uses
a combination of static and dynamic program information to estimate performance
parameters for parallel programs such as data locality in terms of cache misses [30], load
balance in terms of erk distritution, communicationwerhead in terms of theolume of
data transferred, netuk contention and bandwidth. These estimates are fed into the

Vienna rtran compiler [143] to enable it to generate mofieieht code. While &blo

uses eent tracing, BT uses profiles.
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Tools can also be distinguished by the intended users of their outpabl e

primary consumer of scalability data is the usétile in PT, it is the compilerin QP/
QPT, it is the instrumentornd in Rradyn, it is the performance tabottleneck search

engine.

2.4 Conclusions

In this chapterwe classify performance tools intodwroad catgories: ones that
present performance data after the program terminates, and ones that do this during

execution. Ypically, a performance tool embeds:

aninstrumentation modehat defines he and at what stage of program transforma-

tion, are performance measurement probes insertedatectiand controlled;

» aperformance measement modehat defines what performance measurements are

recorded and the form of this performance information;
» anexecution modethat correlatesvents that are the focus of performance olaen;

* acomputation modehat defines the computingwwronment under which performance

measurements are made;
» adata analysis modehat specifies vo measured data is processed;

» apresentation modehat defines the structure and form affgered performance data

and hov it is presented to the user; and
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» anintegration modekhat describes odiverse performance tool components are con-

figured and intgrated in a cohege form.

In the remainder of this dissertation, we focus on the instrumentation, performance
measurement, andecution models. The ability to instrument a prografectiely is
critical to being able to compose a performangeegament. Instrumentation enables
performance obseation. As high performance computingz@onments continually
evolve to more compleforms, performance tools will need to pide more dective

instrumentation alternaes.
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CHAPTER Il

MULTI-LEVEL INSTRUMENTATION

3.1 Introduction

As high performance computers grincreasingly compbe parallel programming
paradigms and @ironments must also delop to impree software eficiengy. Tools to
guantify and obseprapplication performance betar, hovever, have lagged behind.
Applications that use highatel parallel languages and domain-specific numerical
framavorks, heterogeneougerution models and platforms, multiple compilation models
and multi-level optimization stratgies pose interesting problems for instrumentation.
Typically, tools hae tageted only a single Wl of program analysis and transformation

(see Figure 3) for instrumentation which greatly reduces access to program information.

In this chapterwe discuss the adutages and disaadntages of each
instrumentation kel. We then present a multivel stratgy that tagets multiple
cooperating instrumentation intades using a common application programmers
interface (API) for coherent, comprehearesperformance instrumentation and
measurement. Thus, tools caatler performance data appropriate tp iastrumentation

level and seamlessly mie between Mels as the focus of performanceration
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changes. Finallywe present a case study that demonstratesfibaogfof a multi-level

instrumentation model by simultaneously using instrumentation at tiweds.le

3.2 Instrumentation hels

| source code|

preprocesso

| source code|

| objectcode | | libraries |

( linker )

| executable |

(operating systen)

| runtime image |

(virtual machine )

Figure 3. Levels of program transformation

The source code of a program urgters a set of transformations before it
executes, as sl in Figure 3. Instrumentation can be added to the prograny af an
these lgels, each of which imposes f@ifent constraints and opportunities fatracting
information, as shen in Table 1. As information fles through these Vels, diferent

aspects of the program can bee&ed As we mae from source code instrumentation
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TABLE 1: Relatve adwantages and disadntages of each instrumentationde

Level Examples Advantages Disadwantages
Source Ariadne, Language portability Re-compilation required
JEWEL, Domain-specific Tedious manual task
TAU abstractions Instrumentation errors
Arbitrary points Availability of source code
Fine granularity Optimizations
Pre- PDT, Source-to-source translationRe-compilation required
processor Sage++, Automates instrumentation Availability of source code
SUIF Static analysis constraints
Language specific
Compiler CRAY, Access to mapping tables, Re-compilation required
GNU, Icc,  optimizations May not see all routines
SGl Fine granularity Presents M-level infor-
mation
Library Vampir- No need to re-compile Re-linking required
Trace Interposition, pre- Only applicable to libraries
instrumented libraries
Linker DITools, Intermodule operations Modified linker, re-linking
Mahler Runtime interposition Limited coverage (DSOs)
Executable PAT, No source code required  No source-mapping tables
Pixie, No re-compilation required Coarse granularity
QPT Language independent Symbol table required
Runtime Paradyn, No source code, re-compila-Platform/OS/compiler/
DyninstAPI tion, re-linking or re-starting file-format specific
required Coarse granularity
Instrumentation code Lacks source-mappings
can change at runtime
Virtual HProf, VM events visible Coarse granularity
machine  Optimize It! No changes to source, Not applicable to nate

bytecode, or JVM required

libraries

techniques to binary instrumentation techniques, our focus shifts from a language specific

to a more platform specific instrumentation approach [108]. No eekdan satisfy all

requirements for performance tools.
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3.2.1 Source-beel Instrumentation

At this level, the programmer manually annotates his/her source code with calls to
a measurement libraryhis approach is used invegeal tools [62][60][113]. During
execution, the instrumentation code is eatied to record the appropriate aspect of its
behaior. Source-lgel instrumentation can be placed ay @oint in the program and it
allows a direct association between language- and prograhsiemantics and
performance measurements. Since most languagesi@some form of cross-language
bindings (typically in C), a common measurement API can be calledfbyedif
languages with minimal changes. Hence, the same features that enable sciemniisits to b
cross-language programs can be used for instrumentation as well, enhancing tool

portability.

Some languages, Waver, pose unique challenges for souroeele
instrumentation. Consider C++ templatesniplates praide for polymorphism at
compile-time [118] and can be instantiated intéedént forms during code generation
(e.g., instantiation based on types). This style of programming, commonly geatiedc
andgeneative pogramming[27], has led to the creation attive libraries[129] that
participate in code generation, as opposed toymsesies that just contain objects. In
C++, source instrumentation only sees templates and not their post compilation
instantiations, thus it must rely on run-time type information [113][69]. Similar problems
exist with other class-based languages and suggests that a nalltrtgrumentation

approach is necessary
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Figure 4. Tracking per-thread memory allocation in PaRP using source-level
instrumentation

Source-lgel instrumentation hasseral adantages. It alls the programmer to
communicate highdevel domain-specific abstractions to the performance tool. This is
especially useful if a tool cannot automatically infer such informationetample,

Figure 4 shws the use of useatefined gents to track dierent types of memory
allocations in a multi-threaded application, an implementation of the parallel dynamic
recursion method indRP [5]. The figure shies (in highlighted tet) that4835samples of
Recyclable Memory Allocatiorage collected on thredd whereas the corresponding
number for threa@ is 6805 (highlighted by arras). A programmer can communicate

such @ents by annotating the source code at appropriate locations with instrumentation



31

calls. This is easily done at the souroceslehut may be significantly more diigult
elsavhere. Once the program ungees a series of transformations to generate the
executable code, specifying arbitrary points in the code for instrumentation and

understanding program semantics at those points may not be possible.

Another adantage of this kel is that once an instrumentation librarygets one
language, it (theoretically) pvales portability across multiple compilers for that
language, as well as across multiple platforms. That is, the API is independent of details

below the compiler such as operating system dependencies and object file formats.

Unfortunately source-lgel instrumentation has\geral limitations. It requires
access to the source code, which may novh#adble for some libraries. Source code
needs to be re-compilegary time the instrumentation is modified. Adding
instrumentation is a tedious manual task that introduces the possibility of instrumentation
errors that produce erroneous performance dataxBmple, a user mayerlap timers in
the source code. While syntactic errors can be caught during compilation, logical errors in
instrumentation may be more fitiilt to detect; verlapping timers, foneample, can only
be detected at runtime [113]. Also, the presence of instrumentation in the source code can
inhibit the application of optimizations as well as lead to the generation of semantically
incorrect instrumentation code. These last issues are addressed in Chapter V of this

dissertation.
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3.2.2 Preprocessor el

Some of the dffculties with source-kel instrumentation can beercome at the
preprocessor {\@l. A preprocessor implemented as a source-to-source translation tool
typically expands header files and performs macro substitutions during compilation. Such
source-to-source transformations can be used to automatically introduce instrumentation,

alleviating the lirden on the programmer

Preprocessor el instrumentation is commonly used to insert performance
measurement calls at routine entry arid goints in the source codeo @o this, a tool
first needs to parse the application source code and locate the semantic constructs to be
instrumented, such as routines, loops onidldial statements.olinsert code, the
instrumentor also needs an interé to the parsed internal representation of the source
code. Dols such as PDT [69] for C++, C andrFan90, Sage++ [15] for C++ and SUIF
[66][136] for C and Brtran proide an object-oriented class library to access the data
structures that represent the parsed intermediate form. Sage++ andchSdidtion,
provide an API for manipulating the data structures to add or prune internal nodes. The
DUCTAPE interface in PDT praeides access to the list of routines, classes and templates,
and their locations in the source code N&e developed a source-to-source instrumentor
[69] using PDT that reads a C++ program, locates the routine and template entry points,
inserts instrumentation annotations in the source code and re-writes the instrumented
source code; that code is then compiled anetinkith a performance measurement

library. Sage++ allevs an instrumentor to un-parse the annotated internal representation
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directly into a C++ program. SUIF produces intermediate files containing instrumentation
annotations that can be processed further to produce a binary imagejestezbto a C
representation. The portabililyobustness of front ends, granularity of instrumentation,

and the lgel of detail of program constructs that are visible through the ateis

different for all three tools.

Like the source-leel instrumentation, the preprocessaised instrumentation
requires the source code for instrumentation. While source code may wailabla for
some libraries, instrumentation at thigdecan still be used at call-sites, or points in the
application source code where the library routines are calgitally this is
accomplished by a preprocessor that replaces the library routine call with a call to an
instrumented @rsion. This has been successfully used in étddq99] system for értran
and C to taget I/O calls. Br languages such as C and C++ whicveha preprocessor
within the compilera specialized preprocessor can &ded. Instead, a header file can
be used to define macros that re-define theaabrary routines (e.gagper) with
instrumented routines (e.gau_open. During compilation, the compiler preprocessor
replaces calls to proprietary library routines with calls to the instrumented, wrapper
libraries which perform performance measurements and call the appropriate library
routines. This scheme does not require access to the library source codeeHbdoes
require a minor modification (addition of a header file) to the application sources and
requires the instrumente@nsion of the library to be lidd with the other object files and
libraries. The main limitation of this approach is that it can only capture information about

instances of library calls at specific call sites that are re-directed. If a pre-compiled library



34

routine males references to a wrapped routine, it is not possible to re-direct such a
reference without access to its source code and re-compiling it with the appropriate header

file.

Preprocessekevel instrumentation shares nyaof the same disadwtages as
source-lgel instrumentation including the need for access to source code and re-
compilation of source code. Also, some of the problems with manual instrumentation,
such as interference with compiler optimizations are equally true for an instrumentor that

re-writes the application source code prior to compilation.

3.2.3 CompileiBased Instrumentation

A compiler can add instrumentation calls in the object code that it generates.
Examples of performance tools that use comjtibesed instrumentation include the Cray
MPP Apprentice [96], SGI Speedshop [114], and Sankéhop [119]. Since most
transformations takplace during optimization passes in the comptiempilerbased
instrumentation can tap into a wealth of program information. During compilation,
different code transformations, as well as mapping tables are visible. The granularity of
instrumentation that is applied at thigdéranges from routines all theawdavn to basic
blocks, statementsxpressions and instructions. It is also possible to study fbetebf

code transforming optimizations at thiséé(see Chapter V).

A compiler can also insert instrumentation code directly into the object code

output or use cleer breakpointing schemes such as #st-breakpoints [58], replacing an
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instruction with a branch instruction to the instrumentation code. Most compilers include
some form of performance instrumentation byvpdimg command line profiling flags that
trigger instrumentation code at runtime. Sampling-based profiling instrumentation is most
commonly implemented indftran, C and C++ compilers [37]. The GNU compiler [36]

also preoides hooks into routine entry anxiteevents and can wioke a pre-defined routine

at these points. When a source file is compiled withfthstrument_functionsommand

line option, each routine in the source file is instrumented and at its entryigooi@s, a
userdefined function is woked with the routine address and call stack information as
arguments. The addresses can be mapped back to a routine name with timetooixor

a delugging library such as GNE'BFD (binutils) that describes such a mapping.

There are sseral adantages to instrumentation at the compileeleThe
compiler has full access to sourcedemapping information. It has the ability to choose
the granularity of instrumentation and can include fine-grained instrumentation. The
compiler can perform instrumentation with kvledge of source transformations,
optimizations and code generation phases. The diséalye of instrumentation at this
level is that a compiler may not see all the routines that producesantable image. It
sees only the set of files that are passed toittHe same reasons inf@ocedural
transformations hee a limited scope at thisdel. If object files and libraries from
different compilers can be liekl together to form arxecutable file, instrumentation
techniques may not cooperate or may befizieht. This can lead to reduced
instrumentation ogerage. Another disadntage of instrumentation at thiségis that it

may present some program constructs that the user cannot comprehend, thereby increasing
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the semantic-gp between the ussrunderstanding of his/her code and its runtime

behaior.

3.2.4 Library Leel Instrumentation

Wrapper interposition libraries prigdle a comenient mechanism for adding
instrumentation calls to libraries. A gooxbenple of this approach is found in the
Message &ssing Inteidce (MPI) Profiling Intedce [78]. MPI, a standard for inter
process message communication, is commonly used to implement parallel SPMD
programs. As part of its definition, it includes altewaentry points for MPI routines.
The MPI Profiling Interdce allovs a tool deeloper to interdice with MPI calls in a
portable manner without modifying the application source code and withangteccess
to the proprietary source code of the library implementation. If such profiling hooks were
required for all “compliant” implementations of standardized libraries, addhvhare an

excellent basis for deeloping portable performance tools.

The MPI standard defines the watlibrary routine with weak bindings and a name
shifted interhce. A weak binding ales two different routines with the same name to co-
exist in a binary recutable. If a tool re-defines the natcall, it tales precedence. In this
manner a performance tool can pide an interposition library layer that intercepts calls
to the natre MPI library by defining routines with the same name (MBI, Seng. These
routines wrap performance instrumentation around a call to the name-shiftedibedry

routine praeided by the MPI profiling intedice (e.g.PMPI_Sendl The exposure of
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routine aguments allas the tool deeloper to also track the size of messages and
message tags. The interposition library can algoke other natie library routines, for
example, to track the sender and the size of avedanessage within a wild-card recei
call. Several tools use the MPI profiling intexfe for tracing message communication

events [19]. V@ have used the profiling inteate with AU [75].

When a library does not prinle weak bindings and name shifted irdeds for
profiling purposes, it can still be profiled at the librameleOne option is to instrument
the source using a performance measurement API andi@rgeparate instrumented
versions of the same library; weMeadone this with the POOMA r1 library [113]. Another
option is to use a preprocesd@sed scheme for generating instrumentgdions of the
library; we hae done this with the POOMA 1l library [69]. Alternedly, a compiler
based approach can be used; weetgone this with the ZPL runtime system (Section

5.4).

Many of the options for pnading pre-instrumentedersions of a library require
access to the library source code. When that isvailiahle (e.g., for proprietary system
libraries), wrapper library schemes can be used. All of these mechanisvegeho
restrict instrumentation to code in the form of librariesy tte@nnot be x@ended to the

entire application.
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3.2.5 Linker Level Instrumentation

Instrumentation code can also be introduced at the runtiner liedel. The linler
is the earliest stage where multiple object files, including both statically- and dynamically-
linked libraries are mged to form thexecutable image. Dynamically-liekl libraries
delay the symbol resolution to runtime, storing un-re=lxternal references, which are
resohed by a dynamic linrdr when the applicatiorkecutes. The ability to do inter

module operations at link time [117] neskinteresting instrumentation schemes possible.

To introduce instrumentation at the lardevel requires some modification of the
linking process. The Mahler system [134] modifies code at link-time and performs a
variety of transformations such as inteodule rgister allocation, and scheduling of
instruction pipeline. It can also add instrumentation for counting of basic blocks and
address tracing. In contrast, D@Als [105] address the dynamic linking problem. T
instrument an un-modifiekecutable at runtime, it replaces the dynamicdimkith a
system component that re-directs each un-reslodxternal routine reference to an
interposition library layerThe user specifies the instrumentation code with respect to
routines and spens the gecutable within a special shell. The DI Runtime component
modifies the references in theeeutables linkage tables and calls the appropriate
instrumentation routines before and after the library routineyaltpfor the

instrumentation of dynamic shared object routines.

The adwantage of linkrlevel instrumentation approach is that it does not require

access to the application source code. In the case of dynamic linking, it does not modify
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the object code eithefhis adantage is also a possible limitation. The only program
information that can be used is what is contained in the code modolety/rfamic
linking, instrumentation can only be applied to routines that are in dynamicaklink
libraries and need runtime resolution of object references. Also, detailetekige of the
file formats and linkage tables is required for porting the toolwoptatforms, limiting

portability.

3.2.6 Excutable Leel Instrumentation

Executable images can be instrumented using binary cedéing techniques,
often referred to as binary editing tools [20] reeutable editing tools [63]. Systems such
as Pixie [134], EEL [63], andAd [33] include an object code instrumentor that parses an
executable and werites it with added instrumentation code. The Bytecode Instrumenting
Tool (BIT) [25] rewrites the Jea bytecode. AT can be used for call site profiling and
instrumentation at the routinevid (e.g., for tracing routine calls [33]) as well astgering
routine level hardvare performance statistics. Pixie can count basic blocks within a
routine, EEL can instrument a routise€ontrol flev graph and instructions, and BIT can
be used to re-arrange procedures andgarize data in the bytecode. In each case, the

executable file is re-written with the appropriate instrumentation inserted.

Executable leel instrumentation is not a simple mattésr example, consider
Pixie. Pixie must deal with geral problems. It requires access to the symbol table (which

may not be present). Because it operates at basic block boundaries, it needs to perform
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address correction for changing the destination of program counteredleinches, and
direct and indirect jumps. Performing indirect jumps at #texetable leel requires a
translation table for relating addresses in the original program to addresses in the re-
written program. This translation table is agéaas the original codegment! Further
indirect jumps, which require a runtime translation of addresses require instrumentation
code for computing the meaddress. FinallyPixie needs threegesters for its wn use

which it must tak from the program. It chooses the thregsters with the least static
references and replaces them with virtual “shadayisters” in memory [134]. A

reference to the shadaegisters requires an indirect translation and consequéaitya

runtime werhead.

EEL attempts to circunant some of these problems by\ding an API for
analyzing and editing compiled programs. It\wahoa tool to re-order and instrument
routines, control fie graphs within routines, and imitilual instructions. A control fle
graph consists of basic blocks and instructions within basic blocistBdransfer lgel
instruction descriptions used in EEL hide the details of the underlying machine
architecture and simplify the process of creating portatdewgable editing tools. QPT2

[64] uses EEL for tracing address references.

The adwantages of instrumentation at the binameleare that there is no need to
re-compile an application program and/rgéing a binary file is mostly independent of the
programming language. Also, it is possible tovapghe instrumented parallel program
the same @y as the original program, withoutyaspecial modifications as are required

for runtime instrumentation [111].
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A disadwantage of this approach is that compiler mapping tables that relate source-
level statements to instructions are rarelgikable after a compiler produces an
executable. So, a substamiportion of information is unailable to tools that operate at
the binary gecutable leel. This can force the performance measurements égolake at
a coarser granularity of instrumentation. Some compilers generate incorrect symbol table
information [64] (e.g., when a data table is put in tlxé $ggment with an entry that
makes it appear as a routine [63]) which can be misleading and further complicate the
operation of tools at thisvel. Similar to link-time instrumentation, there is a lack of

knowledge about the source program ang taansformation that may @ been applied.

3.2.7 Runtime Instrumentation

An extension of gecutable leel instrumentation, dynamic instrumentation is a
mechanism for runtime-code patching that modifies a program dwecgteon.
DyninstAPI [20] is one such intexfe for runtime instrumentation. Although dgbers
have used runtime instrumentation techniques in the past, DyninstARt@scan
efficient, lov-overhead intedce that is more suitable for performance instrumentation. A
tool that uses this API (also ko as a mutator) can insert code snippets into a running
program (also knen as a mutatee) without re-compiling, re-linking eerere-starting the
program. The mutator can either gpaan &ecutable and instrument it prior to its
execution or attach to a running program. DyninstAPI inserts instrumentation code

snippets in the address space of the mutater code snippets can load dynamic shared
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objects in the running application, call routines, as well as read and write application data,
allowing it to be used in deloping deligging and steering applications. DyninstAPI
translates code snippets into machine language instructions in the address space of the
mutator It generates code to replace an instruction in the mutatee to a branch instruction
to the instrumentation code. It uses a step approach using short sections of code called
trampolines The replaced instruction calls a base trampoline which branches to a mini
trampoline. A mini trampoline sas the rgisters and»ecutes the code snippet(s) with
appropriate yuments. Thereafteit restores the original gesters and calls the base
trampoline. The base trampolineeeutes a relocated instruction and returns to the
statement after the replaced instruction in the original code as described in [20]. The
ability to insert and reme instrumentation mas it \aluable for observing the

performance of long running programseoa small period of time. It also alls a tool to
insert specific instrumentation code that may only bevknat runtime. DyninstAPI has

been successfully applied imfadyn [79]. The API is portable and independent of the
target platform and language constructs. This esaksuitable for ilding portable
performance tools. DyninstAPlercomes some limitations of binary editing tools that
operate on the statixecutable leel. The main impreement is that the instrumentation
code is not required to remaindtk during gecution. It can be inserted and remd

easily Also, the instrumentation can be done on a running program instead of requiring

the user to rexecute the application.

The disadantages of runtime instrumentation are similar to those for binary

editing. First, the compiler discardsidevel mapping information that relates source-



43

level constructs such agmessions and statements to machine instructions after
compilation. This problem is common withyagxecutable code instrumentation tool.
Second, although some instrumentation can be done on optimized code, the
instrumentation intedce requires the presence of symbol table information, typically
generated by a compiler in the dglging mode after disabling optimizations. Third, the
interface needs to bevare of multiple object file formats, binary inteces (32 bit and 64
bit), operating system idiosyncrasies, as well as compiler specific information (e.g., to
support template name de-mangling in C++ from multiple C++ compileyshaintain
cross language, cross platform, cross file format, cross binaryaragrbrtability is a
challenging task and requires a continuous portifaggteds ng&v computing platforms and
programming evironments golve. Again, this problem is also present wittyan

executable code instrumentation tool.

3.2.8 \irtual Machine L&el Instrumentation

Instrumentation at the virtual machingdéhas become an important area of
research. A virtual machine acts as an interpreter for program bytecode. This style of
execution is commonly found in thewdaprogramming language [4]. The compilation
model of Jaa differs from other languages such as C, C++ amtt&n90 that are
compiled to natie executables. Instead, avdacompiler produces bytecode. Theala
Virtual Machine (JVM) interprets this bytecode t@eute the Ja application.

Optionally, a Just-in-ime (JIT) compiler may be empled in the JVM to corert the
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bytecode into nate binary code at runtime. A JIT compiler interprets the bytecode and
produces a naté binary concurrent)yswitching between the twat runtime for diciency.
Alternately a hot-spot compiler [122] may be used in the JVM to setdygtcorvert
compute-intensie parts of the application to nagibinary code. This approach requires
the JVM to perform measurements to determine what cgi@seare compute-intens!

and praide this feedback to the code-generator

We use the model of compilation invdao discuss issues for virtual machinele
instrumentation. Ay interpreted language systemdiBaa is going to cause difulties
for the instrumentation approaches wegenaeonsidered. In addition toudes comple
model of compilation, it has a multi-threaded model of computation, andvaéasse
Interface (JNI) allvs Jara applications to Woke routines from libraries written in
different languages such as C, C++ andran. This multi-language, multi-threaded,
comple compilation andecution model necessitates grtated instrumentation
methods. @ simplify the creation of performance tools, theaJanguage designers

provided instrumentation capabilities at the virtual machinelle

The Jaa Mirtual Machine Profiler Intesice (JVMPI) [132][121] is a portable
instrumentation intedce that lets a tool to collect detailed profiling information from the
virtual machine. This inteatce loads an in-process profiler agent (implemented as a shared
dynamically linled library) and preides a mechanism for the agent tgiséer eents that
it wishes to track. When theseeats (such as method entwitethread creation or

destruction, mutuabe&lusion, virtual machine shutdm, object specificvents, memory



45

and @rbage collectionvents) tak place, JVMPI notifies the profiler agent. In this

manney an instrumentor can trackvdalanguage, application and virtual machinengs.

The adwantage of this instrumentatiorvéd is that tools can access therdtevel,
language leel and virtual machinevents that the in-process agent can see. Additignally
this interbice preides features such as thread creation and destruction, access to mutual
exclusion primitves such as monitors that alte the profiler agent to query and control
the state of the virtual machine duringgeution. The disadntage of this approach is that
it can only seewents within the virtual machine. The profiler does not see calls t@nati
system libraries such as message passing libraries, written in C, Certran80. This
approach may also cause unduly higkrbeads if it is not possible to selgety disable

some of the monitoredrents.

In the net section, we describe a representational model for inserting

instrumentation in the program using a combination of instrumentatioreicestf

3.3 Multi-Level Instrumentation Model

In the pr@ious section, we Iva seen that as a program source code is transformed
to a binary form thatxecutes on the hardwe, it presents dérent instrumentation
opportunities to performance tools. Instrumentation iate$ at eachvel provide
detailed information pertinent to thatés. Each lgel has distinct acdantages and
disadwantages for instrumentation. A performance technologist is #wesl fwith a set of

constaintsthat limit what performance measurements a tool can perfoyprcally,
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Figure 5. Multi-level instrumentation as implemented in the TAU performance s)

monolithic performance tools instrument a program at one instrumentatearel their
proponents go to great lengths to justifyibat is the most appropriatesés for
instrumentation. As programmingwronments golve tovards lybrid modes of
operation where multiple languages, compilers, platforms xexligon models are used,
these monolithic tools are lessdll to be applicable. Because yheere not designed to

operate on ybrid applications, thelack necessary features.

To address these limitations, we propose a model for mudi-lestrumentation.
In our model, multiple instrumentation APIs are used to instrument a progigetirigra

common measurement API. This measurement ARjigees access to the underlying
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performance measurement model that specifies the nature of measurements that a tool can
perform. An implementation of the measurement model requires accessubi@n
entities which can include such things as the callstack, a database of performance
information maintained within each cortenode and thread identifierswlaverhead
timers, and hardare performance monitorso present such derse performance data in
consistent and meaningfulbws eents triggered from multiple instrumentation indexds
must be intgrated using the common measurement API and the performance model
embedded in the toolsoBchiee this intgration, the instrumentation intades need to
cooperate with each other to pide a unified vier of execution: each el and interfce
malkes the information it knes available to other intedices attempting to uneer missing
pieces of information. Semantic entities canxduwsive to one instrumentation intade
or they can be partially shared. Each inge must pnade mechanisms to control the
focus of instrumentation and seleetly turn instrumentation on orfofA grouping
mechanism can helpganize routines into logical partitions that can be addressed
collectively for instrumentation (e.g., in turningfafl 1/0 events). Dols also need
mechanisms for dealing with missing information that cannot bedsd by other
interfaces. In some scenarios, needed information may netilakde during gecution,
and might require the post-mortem analysis of performance datexample, tracking
thread identifiers for tracing messages in agaimode parallel program is illustrated in

the case study (See Section 3.4.5)elo

To demonstrate thefefacy of the multi-level instrumentation model, weiiit a

prototype that tayets instrumentation at the sourceeld113], the preprocessowid [69],
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the library level [75], the compiler heel, the runtime feel [111] and the virtual machine
level [110]. It is implemented in theAD portable profiling and tracing toolkit [75] as
shavn in Figure 5. At the sourcevel, an instrumentation API alls for manual insertion
of instrumentation annotations in the source code. At the preprodesspfibrary
routines can be replaced with instrumented ones. A source-to-source translator
instruments C++ programs at the preprocebs@l using the Program DatabasmolKit
(PDT) [69]. Compilethased instrumentation uses the optimizing lcc comaker
described in Section 5.3.1. LibraryA instrumentation uses an interposition wrapper
library for tracking gents for the MPI libraryDyninstAPI is used for runtime
instrumentation and JVMPI is used for virtual machine instrumentatidd.stipports
both profiling and tracing performance models andaalthird-party tools, such as
Vampir [82][94] to be used for visualization of performance daialémonstrate the use

of this prototype, we present a case study

3.4 Case Study: Infeation of Source, Library and JVM V@l Instrumentation

Scientific applications written in Ja may be implemented using a combination of
languages such asvda C++, C and értran. While this defies the purevdgaradigm, it is
often necessary since needed numerical, system, and communication libraries may not be
available in Jaa, or their compiled, nat \ersions der significant performance
adwantages [17]. Analyzing suclylbrid multi-language programs requires a styatiat

leverages instrumentation altervats and APIs at seral levels of compilation, linking,
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and eecution. D illustrate this point, we consider the profiling and tracing wd Ja
programs that communicate with each other using the Messagm@ Inteidce (MPI).
mpiJava [7] is an object-oriented intade to MPI that alles a Jaa program to access
MPI entities such as objects, routines, and constants. Whilevapglages on the
existence of natie MPI libraries, its API is implemented as aalarapper package that
uses C bindings for MPI routines. When walapplication creates an object of the MPI
class, mpidea loads a nate dynamic shared objedibbimpijava.s9 in the address space of
the Jaa Virtual Machine (JVM). This da package is layered atop the vatMPI library
using the Jaa Natve Interbice (JNI) [120]. There is a one-to-one mapping between Ja
methods and C routines. Applications amoked using a script filprunjavathat calls the
mpirunapplication for distribting the program to one or more nodes. In contrast, the
reference implementation for MPJ [8], thed#&rande Brum’s MPI-like message-
passing API, will rely healy on RMI and Jini for finding computational resources,
creating slae processes, and handlirggldires; usetevel communication will be
implemented diciently, directly on top of Ja soclets, not a nate MPI library The Jaa
execution emironment with mpiJea poses seral challenges to a performance tool
developer The performance model implemented by the tool must embeglbnie-h
execution model of the system consisting of MPI critsteand Jza threads within each of
those contets. To track @ents through such a system, the tools must be abkptse the
thread information to the MPI intexée and the MPI conteinformation to the Ja
interface. Our prototype tgets a general computation model initially proposed by the

HPC++ consortium [46]. This model consists of shared-memory nodes and a set of
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contets that reside on those nodes, eaclvigiog a virtual address space shared by
multiple threads ofxecution. The model is general enough to apply toynhggh-
performance scalable parallel systems and programming paradigms. Performance
information, captured at the node/cotitdread leels, can be flably targeted from a

number of parallel softare and systenxecution platforms.

Using this model, dierent eents occur in dférent softvare components (e.g.,
routine transitions, intelask message communication, thread scheduling, and user
defined gents) and performance data must begrated to highlight the inteelationship
of the softvare layers. &t instance, thevent representing aviathread idoking a
message send operation occurs in the JVM, while the actual communication send and
receve events tak place in compiled nat C modules. Ideallyve want the
instrumentation inserted in the application, virtual machine, anderatiguage libraries
to gather performance data for thesems in a uniform and consistent manridris
involves maintaining a common API for performance measurement as well as a common

database for multiple sources of performance data within axtarftexecution.

We apply instrumentation at threedds: the Jaa virtual machine leel, the MPI

library level, and the Ja source leel.

3.4.1 \irtual Machine L&el Instrumentation.

Instrumenting a J&a program and the JVM poseseael dificulties [89]

stemming from Jaa’s compilation and»ecution model in which bytecode generated by
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Figure 6. TAU instrumentation for Java and the mpiJava packa

the Jaa compiler is gecuted by the JVM. Cerniently Java 2 (JDK1.2+) incorporates
the Jaa Virtual Machine Profiler Intedce (JVMPI) [132][121] which prades profiling
hooks into the virtual machine and a®an in-process profiler agent to instrument the
Java application without anchanges to the source code, bytecode, ondébeugable code
of the JVM. JVMPI can notify an agent of a wide rangeveihés including method entry
and &it, memory allocation, &rbage collection, and thread creation, termination and
mutual eclusion &ents. When the profiler agent is loaded in memibrggisters the
events of interest and the address of a callback routine to the virtual machine. When an
event tales place, the virtual machine thread that generated/¢me ealls the appropriate
callback routine, passingent-specific information. The profiling agent can then use
JVMPI to get more detailed informatiorgeeding the state of the system and where the

event occurred.

Figure 6 shaws hav JVMPI is used by AU for performance measurement within

a lager system that includes library and souraellénstrumentation. Consider a single
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contet of a distrituted parallel mpida program. At start-up, thevd@aprogram loads the
mpiJava and ‘AU packages and the JVM loads tleJrperformance measurement library

as a shared object, which acts as a JVMPI profiling agentoAvay function call

interface between the JVM and the profiler agent is established. The JVM notifies the in-
process profiling agent o¥ents and it can, in turn, obtain information about and control
the behsior of the virtual machine threads using the JVMPI thread priest(e.g., for

mutual eclusion).

When the agent is loaded in the JVM as a shared object, an initialization routine is
invoked. It stores the identity of the virtual machine and requests the JVM to notify it
when a thread starts or terminates, a class is loaded in memoethod entry orxé
takes place, or the JVM shutswo. When a class is loaded, the agetwingines the list of
methods in the class and creates an association between the name of the method and its
signature, as embedded in the measurement,atitythe method identifier obtained
from the TAU Mapping API [124] (furtherxplained in Chapter 1V). When a method
entry tales place, the agent reees a method identifier from JVMPI, performs the
required measurements, and stores the results in the appropriate measurement entity
When a thread is created, it creates a teptioutine that corresponds to the name of the

thread, so the lifetime of each user and systesl thread can be traet.

To deal with Jaa’s multi-threaded efironment, the instrumentation framerk
uses a common thread layer for operations such as getting the thread igieckirey
and unlocking the performance database, getting the number of concurrent threads, etc.

This thread layer is then used by the multiple instrumentation layers. When a thread is
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created, the agentgisters it with its thread module and assigns amgertelentifier to it.

It stores this in a thread-local data structure using the JVMPI thread API descritsed abo
It invokes routines from this API to implement mutuatl@sion to maintain consisteync

of performance data. It is important for the profiling agent to use the same threadénterf
as the virtual machine thatecutes the multi-threadedvdaapplications. This alas the

agent to lock and unlock performance data in the saayeaw application el Java

threads do with shared global application data. Instrumentation in multiple threads must
synchronize déctively to maintain the multi-threaded performance data in a consistent
state. The profiling agent maintains a-gfeead performance data structure that is updated
when a method entry okie takes place, which results in aneoverhead scalable data
structure since it does not require mutuadlesion with other threads. When a thread

exits, the agent stores the performance data associated with it to stable storage. When the
agent receles a JVM shutden event, it flushes the performance data for all running

threads to the disk.

3.4.2 Library-Leel Instrumentation

Instrumentation at the libraryvel is applied using the MPI Profiling Intade to
track message communicatioreats. This is accomplished by using a wrapper
interposition library layer between the JNI layer and thev@diPI library layer as sk

in Figure 6. All routines in the MPI are logically grouped together profiling, MPI
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Figure 7. Source-level instrumentation in an mpiJava program

routine entry andat events are tracd. For event-tracing, inteprocess communication

events are trackd along with routine entry andieevents.

3.4.3 Source-beel Instrumentation

For other programming languages that our performance system supported (C,

C++, Fortran90), standard routine entry axit exstrumentation \&s supplemented by the
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Figure 8. Profile display of an integrated performance view of Life applica
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ability to specify “usedefined” performancevents associated with yicode location.

The performance system pided an API to definevents, and to start and stop profiling

them at specified locationsoRJara, we deeloped a sourceNel API in the form of a

TAU Java package for creating udevel event timers. The user can defineet timers of

aTAU.Profile class and then annotate the source code at desired places to start and stop the

timers as shan in Figure 7.

To determine the thread information, the soureellestrumentation needs the

cooperation of the virtual machinesé& instrumentation that sees thread creation,

termination and synchronizatioments. As shwn in Figure 6, instrumentation at the
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source lgel cooperates with the instrumentation with the virtual machires fer thread
information and with the MPI el for contet information. All three instrumentation
levels taget a common performance database within eachxtofitedemonstrate ho
program information from these three ingeés can be ingeated within performance
views, we present performance analysis of an mpib@nchmark application that
simulates the@me of Life. This application is run on four processors and Figurewssho
a portion of its source code that highlights the use ofswurce-leel timers {Life

compute local bldcinfo; and“Life main update loop). Figure 8 shws a profile display
for this application. Note o entities from the sourcevel (‘Life main update loop) are
integrated with MPI library leel entities (MPI_Init” , “MPI_Sendecv”) and Jaa

methods ‘java/lang/String dcarAt(1)C”) (shavn by the three arwes).

3.4.4 Selectie Instrumentation

The performance data from an instrumentee Zgoplication contains a significant
amount of data about the internadnkings of the JVM (e.g-java/util/jar/Attrib utes
read” method in Figure 8). While this may prde a wealth of useful information for the
JVM developer it could inundate the applicationwadoper with superfluous detailso T
avoid this, our multi-leel instrumentation isxtended to selectely disable the
measurement of certainents. Since Ja classes are packaged in a hierarchical manner
we allov the user to specify a list of classes to xdwaled on the instrumentation

command line. &r instance, whenXrunTAU:exclude=java/util,java/langsunis specified
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on the command line, all methodsja¥a/util/*, java/lang/* andsun/* classes are

excluded from instrumentation [110].

3.4.5 Tacing Hybrid Excutions

Interthread message communicatimeets in multi-threaded MPI programs pose
some challenges for tracing. MPI is waae of threads (Ja threads or otherwise) and
communicates solely on the basis of rank information. Each process that participates in
synchronization operations has a rank, dl threads within the process share the same
rank. W& can determine the sendetfiread for a send operation and the etk thread
for a recere operation by querying the underlying thread system through JVMPI.
Unfortunately the sender still an’t know the receaier’s thread identifier (id) and vice
versa. © accurately represent a message on a global timeline, we need to determine the
precise node and thread on both sides of the communicati@noifl adding messages to
exchange this information at runtime, or supplementing messages with thread ids, we
decided to delay matching sends and kexeto the post-mortem trace wersion phase.
Trace cowmersion taks place after indidual traces from each thread are geglto form a
time ordered sequence ofemits (such as sends, re@s, routine transitions, etc.). Each
event record has a timestamp, location information (node, thread) as wedhaseecific
data (such as message size, and tags). In our prototype, during trzrsioaneach
record is ®amined and carerted to the tayet trace format (such aawipir, ALOG,

SDDF or Dump). When a send is encountered, we search for a correspondigylrgcei
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Figure 9. Tracing inter-thread message communication in mpiJava

traversing the remainder of the trace file, matching thevecgirank, message tag and
message length. When a match is found, theveceithread id is obtained and a trace
record containing the sender and reees node, thread ids, message length, and a
message tag is generated. The matchioksvin a similardshion when we encounter a
receve record, gcept that we tneerse the trace file in the opposite direction, looking for

the corresponding sengent. This technique &s used with selegt instrumentation
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Figure 10. Performance data from source, library and virtual machine levels of a
application

described earlieto produce Figures 9 through 11. Figure 9aghoommunications as
lines from the sendvent to the corresponding reeei Figure 10 shes a detailed vig of
the global timeline depicting entities from all threeels in one unified performance wie

Figure 11 shas a dynamic call tree display on nddjehread4.

The TAU Java package prades the API for these measurements,uilizes JNI
to interface with the profiling libraryThe library is implemented as a dynamic shared
object that is loaded by the JVM or the@dg@ackage. It is within the profiling library that
the performance measurements are madeed, it captures performance data with

respect to nodes and threadsx#aition.© maintain a common performance data
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Figure 11. Dynamic call tree display shows Java source, MPI, and virtual ma

events

repository in which performance data from multiple “streams” comes together and

presents a consistent picture, we need the instrumentatiari@is/leels to cooperate.

As shavn in Figure 6, the profiling library uses JNI to intexé with the JVMPI layer to

determine which JVM thread okecution is associated withwvdamethod eents and with

MPI events. In the same mannérdetermines thread information for uskfined gents

at the source lel. For node information, the profiling agent gets process rank from the

MPI library.
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Thus, instrumentation occurs at thgalaource Ieel, at the MPI wrapper library

level, and at the virtual machinevtd.

3.5 Conclusions

In this chapterwe hae presented a representational model for mulgtle
instrumentation to impre the coerage of performance measurement. A prototype of this
model is implemented in theAU portable profiling and tracing toolkit. ¥ the help of a
case studywe illustrate hw it can be applied to observing the performance of a parallel
Java application unifying JVM ersus natie execution performance measurement,

utilizing instrumentation mechanisms at the source, virtual machine, and the libedsy le
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CHAPTER IV

MAPPING PERFORMANCE BTA

4.1 Introduction

Programming parallel and distuted systems for performanceatves a range of
runtime issues:\@rlapping asynchronous inteode communication with computation
using usettevel threads, accessingNdateng shared intra-node memory using
concurrent threadsxploiting data locality using lategdolerant techniques, partitioning
of data among tasks using dynamic load balancing, and generéittrepnemachine code
using sophisticated compilation techniques ehcapsulate such implementation details
so that computational scientists can concentrate on science, domain-specific programming
environments such as POOMA[101][26], éure[11][12], and Blitz++ [130], and
higherorder parallel languages such as ZPL [21], pC++ [16], CC++ [23], HPC++ [46],
and HPF hee emeged. Thg provide higher softwre layers that support richer
programming abstractions for multivid programming models implemented on multi-

layer softvare architectures.

Understanding the performance characteristics of these “highi-fgarallel

programs is a challenge because-level performance data must be mapped back to the
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higherlevel domain-specific abstractions that the programmer understands. In this
chapterwe clarify the need for mapping, present a model for performance data mapping,

and shw the application of a prototype to compkoftware scenarios.

4.2 The Need for Mapping

Programming in highdevel parallel languages and domain-specific problem
solving enironments shields the programmer frorvdtevel implementation details.
However, it creates a semanti@g between usdevel abstractions and the entities

actually monitored by the performance tool.

Consider a ypothetical @ample: a scientist writes code to perform some
computation on a set of particles distitéd across the siaées of a cube as st in
Figure 12. The particles are generated in the ro@ereateRarticles() and their
characteristics depend on whiccé thg reside ProcessBrticle() routine tales a
particle, as its gument, and performs some computation on it. The main program iterates
over the list of all particles and calls tReocessRBrticle() routine. The scientist thinks
about the problem in terms afdes of the cube and the distiibn of particles eer the
cubes surhice. Havever, a typical performance tool reports only on time spent in routines.
It might, for xkample, report that% of overall time was spent ifseneateRarticles() and
98% of the time vas spent ifProcessRBrticle(), as shwn in Figure 13. This lees the
scientist with no information about the distrilton of performance with respect to cube

faces: does eachde require the same amount of time or not? If the performance tool
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described the time spenthmocessRrticle() for each &ce of the cube, as in Figure 14, the
scientist might be able to maknore informed optimization decisionse\propose a
performance mapping model that bridges tlaig between a scientistinental

abstractions in the problem domain, and the entities that aredragkperformance tools.

Particle* P[MAX]; /* Array of particles */
int Generate&ticles() {
[* distribute particles wer all surices of the cube */
for (int face=0, last=0;dce < 6; &ce++){
int particles_on_thisate = ... &ce ; /* particles on thisate */
for (int i=last; i < particles_on_thisade; i++) {
P[i] = ... f(kce); /* properties of each particle are some function &« f/
}
last+= particles_on_thisade; /* increment the position of the last particle */
}
}

int Process@&rticle(Rarticle *p){
[* perform some computation on p */

}

int main() {
Generatedticles(); /* create a list of particles */
for (inti=0;i<N;i++)
Process#ticle(P[i]); /* iterates wer the list */

}

Figure 12. Scientist describes some scientific model

This xkample is typical: scientific computations ofteivéa@ode sgments that
execute repeatedly on behalf offdifent semantic entities (herefdifent cubedces).
Such a behaor is commonly found in load balancing or itevatengines where some
code rgion performs “vork” and processes data fronveral abstract entities.

Aggregated performance measurements for such code obscure domain-specific detail or
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Figure 13. Profile without mapping
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Figure 14. Profile with mapping

“performance knaledge” that may be vital to the scientist. The otha&rezne in which
performance metrics are collected with respect to each instance of thedteod is also
undesirable, leading to anerload of information. In our particle simulatioxeenple, we
may hae to contend with reporting performance metrics for millions of performance
entities. The scientist needs to be able to classify performance data for sucheeetéi
segments in terms of meaningful abstract semantic entiteedoTso, we need a
mechanism for mapping inddual performance measurements at the routivecation/

iteration level to those entities. In terms of repe&tticode rgions, this amounts to refining
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Figure 15. Bridging the semantic gap

upward one-to-maymappings, where a single codgisent (where instrumentation is
possible at imocation or iteration el) maps to a set of highewrtd abstractions.dallow
a user to do such performancgerimentation, a tool must pride flexible mapping

abstractions for creating correspondences betwefsnadif levels of abstraction.
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Particle PIMAX]; /* Array of particles */
int Generate®rticles() {
[* distribute particles wer all surfces of the cube */
for (int face=0, last=0;dce < 6; &ce++) {
int particles_on_thisate = ... &ce ; /* particles on thiate */
t = CreateTmer(face); /* information elevant to the domain */
for (int i=last; i < particles_on_thisade; i++) {
P[i] = ... f(kce); /* properties of each particle are some functioaas f/
CreateAssociation(P[i], t); /* Mapping */
}

last+= particles_on_thisade; /* increment the position of the last particle *
}
}

int Processérticle(Rarticle *p){
[* perform some computation on p */
t = AccessAssociation(p); /* Get timer associated with particle p */
Start(t); /* start timer */
[* perform computation */
Stop(t); /* stop timer */
}

int main() {
Generate&ticles(); /* create a list of particles */
for (inti=0; i< MAX; i++)
Process&ticle(P[i]); /* iterates wer the list */

}

Figure 16. Mapping instrumentation

Figure 15 shars our approach to mapping performance data to higher
abstractions by creating an association between some domain-specific information and a
performance measurement entity (e.g., a timer that measuresvecusl gclusive
elapsed wll-clock time). This association is then accessed and used duringthaien
of code that requires a more refined instrumentation focus. Inxampde, it can be done
by the code in italics in Figure 16. The performance measurement entity is a simple timer

created using the properties até for each cubade. or instance, the timer fordte 2”
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might be semantically identified by the string “cost of processiog #2. Each face of

the cube has one timé&i/hat does “cost of processirgce #2” mean in respect to
instrumentation? Although this is the performance data we are interested in, it cannot be
directly represented in the instrumentation. A more “semantically associated”
instrumentation focus is required. When each particle is processed, the apprapeiate f
timer is selected and used to time the computatiow iN$ possible to report the time

spent processing particles on eaatef as &s shwn in Figure 14. If the scientist decides

to modify the geometryelongating the cube to a cuboid, foraample, performance data
consistent with this uséevel modification can be similarly obtained, helping him/her
decide if the d&ct of such a change on eaeled of the cube leads to performance

improvements.

4.3 Our Approach

Our approachtalds upon preious work in this area by Irvin and Miller [49]. The
proposed thaoun-verb(NV) model to aid in mapping performance data from owel lef
abstraction to anotheA noun is ag program entity and aevb represents an action
performed on a noun [48Fentencesare composed of nouns andrlys. The model
considers he sentences at onevkd of abstraction map to other sentences atfardiit
level of abstraction. An important contution of Irvin and Millers work was that it
shaved hav different mappings can be defined with respect to nouedysy and

sentences. Mappings can bae-to-one one-to-many many-to-ong or many-to-many
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Information about mappings can be determined priorxexwion Etatic mapping or
during eecution @ynamic mapping Their work further proposed a wel
implementation model for dynamic mapping based on the concegpttivE sentences
(i.e., sentences that are currently \a&tiluring &ecution). Actve sentences at the same
level of abstraction form aet of active sentences (SABynamic mapping occurs by
identifying which actre sentences at onevé of abstraction are concurrent with aeti
sentences at anothewéd of abstraction. These concurrently aetsentences form the
SAS and their entrykt determines the dynamic mapping. ThardMap project
demonstrated o the NV model and static and dynamic mapping, including the SAS

approach, could be implemented in a real parallel language system.

To explain our &tension to this wrk, it is instructve to bgin by formalizing the
concurrent SAS mapping approach. Let S 1, {9, ..., $;} be a set of acte sentences at
one (laver) level of abstraction and R = {RRy, ..., Ry} be another set of avk sentences
at another (higher) el of abstraction. If S and R are concurrent (i.e., their sentences are
all actve concurrently) (written S || R), then S maps to R (writtenRy by a

correspondence between getsentences in S and those in R. That is,
S - RwhenS||R.

Since this is a dynamic mapping, we can gattize the lav-to-high (upward) mapping
with respect to this correspondence, depending on the cardinality of the sets S and R as

shawvn in Table 2.
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TABLE 2: Types of upward mappings S- R

IR| =1 IR|>1
S| =1 one-to-one one-to-mamg
S| >1 mary-to-one  mary-to-mary

Consider the case of a one-to-mamapping where S consists of one sentence,

S = {S;}. How should the performance of S be related to the performance fow&? T

approaches are proposed in Irgimork:

Aggregationt T(R) = T(S) where S ={$} - R (T representsxecution time)

Amortization T(R)) = T(Ry) = ... = T(R,) = 1/m * T(S))

In aggr@ation, the cost of»ecuting § (T(S,)) is reported as the cost afexuting the

active sentences in R as a whole (T(R)). This mapping lacks the resolution to characterize
performance for each sentence of Rvidtiially. In contrast, amortization splits the cost of

S, across all sentences of the SASVRmdy, under the assumption that each sentence is

considered to contrilie equally to the performance. This assumption may not be accurate
if different sentencesfatt performance dérently Similar cost analysis applies to the

other mapping cagmries.

There are three problems that were not fully addressed irata®Bp vork. First,
the NV model diers a rich conceptual frawerk for describing program entities at
different levels of abstraction. Heever, the model should also allofor the definition of

semantic entities, both as annotations to program entities as well as independent sentences
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(in NV terms). This wuld aid in supporting uséevel abstractions. Second, for the one-
to-mary SAS mapping formalism, it is di€ult to refine the resolution and accurasf
mapping performance costs without some means to access additional information
(attributes) that can further qualify sentence semantics (“sentenceutaiip and
mapping associations (“mapping attries”). In addition to helping to address the
“sentence ordering problem” [49], the notion of atitds could preide a means for
representing semantic corte for mapping control. Finallyfhe SAS approach did not
handle the mapping of asynchronous sentences. These are sentencdsreaait dif
abstraction Ieels that are logically associated with each gther are not concurrently

actie.

4.4 Semantic Entities, Attrilbes, and Associations (SEAA)

As shavn in the lypothetical @ample abwe (and in the case studies that fal)p
we are interested in mappingMdevel performance data to highlewel abstract entities
(i.e., upvards mapping), primarily in cases of one-to-gnand mag-to-one mapping,
and, where asynchronouseeution is present. Consider applying SAS to ttearele
where we vant to map la-level particle execution time to the high-el faceabstraction.
Semanticallyeach &ce has associated to it particles at runtime, g/+ttaone mapping
case. On the other hand, thRecessRrticle() routine is applied to all particles and,
transitively, to all faces, each a one-to-nyamapping case. All mappings are dynamic

because theare determined at runtime. Wever, thefaceentity is a semantic entity that
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is not specifically definable in the NV because it is not directly associated with some
program constructxeept wherparticle properties are being determined. Marepeven

if it could be defined, the notion offaceentity being “actie” is unclearlf it is
considered aote in the SAS sense, this occurs only in the setting up of the particles;
otherwise, it is inacte. Only by &plicitly setting “face” attrilutes in theparticle object
can the performance mapping inquire abagefactiity. Otherwise, SAS wauld hare to
assume that albtes are aate, choosing agggation or amortization to map performance
costs, or that none are, because #te$ are not concurrently aeti(the &ce and
ProcessBrticle() entities are asynchronously ael. If we assume sequentixieeution,
we can imagine hwo SAS allavs us to map performance costdafticle() execution to
particle entities, since only a one-to-one mapping is presentdtraa, lut parallelizing

the particle processing loopdias to stress the approach if there is only one SAS.

We propose a nedynamic mapping techniguemantic Entities, Attriies, and
Associations (SEAAREAA embodies three jointly related ideas: 1) entities can be
defined based solely on semantics gtlavel of abstraction, 2) grentity (sentence) can
be attriuted with semantic information, and 3) mapping associations (entity-to-entity) can
be directly represented. The first idsarfantic entitidsallows entities to be created and
used in mapping without kimg explicit relation to program constructs. The second idea
(semantic attribteg provides a vay to encode semantic information into entities for use
in qualifying mapping relationships. The third idearfiantic associatiohprovides the

link to dynamic performance cost mapping based on semanticitdtrib



73

Applying SEAA to the rample abwe, we see that an abstréateentity is
“created” in the form of a dce timel Each particle, then, is logically attubed with a
face identifierWe say “logically” because in this@mple an association is directly
constructed. \ith the association in place, the link to thed timer can be accessed at
runtime and used to qualify Wwathe performance mapping should be performed (i.e.,
execution time oProcessRBrticle() will be accumulated for the properly associatacEj).
With the SEAA concept, problems of SAS concurggmtaccurate cost accounting, and

asynchronousxecution can bewerted.

An association is a tuple composed of an application data object and a
performance measurement entity (PME) (e.g., a timeg)dMtinguish tw types of

associations: embedded (internal) argtmal.

An embedded associatiortends the data structure (class/struct) of the data object
with which it is associated, and stores the address of the PME in it. In Figure 16,
AccessAssociation@an access a timer stored as a data member in the object using the
object address. This is an ¥pensve operation, bt it requires an ability tox¢éend the
class structure to define amdata membeipossibly decting space constraints.
Sometimes, it is not possible to create such an association, either due to constraints on
class (e.g., due to uveilability of the source code for modification), or the
instrumentation intedfice may not prade such &cilities (e.g., it may not be possible to
extend classes using dynamic instrumentation, as the code is already compiled). In such

cases, anxternal association may be used.
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An external association, as the name suggests, createteamat look-up table
(often implemented as a hash table) using the address of each objectatiledk up
the timer associated with it. There is a higher runtime cost associated with each lookup,
but this scheme does not modify the definition of the class/struct, and hence, is more

flexible.

In the remainder of this chapteve present tav case studies stving hov
embedded andxeernal associations can help describe the application performance in
terms of domain-specific abstractionse Wmpare this mapping approach with traditional

schemes.

4.5 Case Study: POOMA Il, PETE, and SMAR

Parallel Object-Oriented Methods and Applications (POOMA) is a C++
framework that preides a high-leel interface for deeloping parallel and portable
computational Pysics applications. It is a C++ library composed of classes thatpro
domain-specific abstractions that computationgbkpiists understand. While presenting
this easy-to-use highitel interface, POOMA encapsulates details ofviaata is
distributed across multiple processors and lefficient parallel operation, including
computational &rnels for galuation of &pressions are generated and scheduled. Thus,
POOMA shields the scientist from the details of parallel programming, compile-time, and

runtime optimizations.
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POOMA has a multi-layer sof@ve framevork that maks analyzing the
performance of applications problematic due to thgel@aemanticap. The high-leel
data-parallel statements are decomposed imtddeel routines thatx@cute on multiple
processors. If we measure the performance of these routines, we needagoohe w
mapping the collected data back to constructs that are compatible with tise user’
understanding of the computatiorn Better illustrate the gvay of this performance
instrumentation and mapping problem, welain the vorkings of two POOMA
components: PETE and SMAR in the ngt two subsections. After that we discuss
instrumentation issues, then mapping issues. Fjnadydemonstrate our mapping

approach and its output.

45.1 PETE

The Portable Expressioreplate Engine (PETE) [41] is a library that generates
custom computationakknels for dicient evaluation of &pressions of container classes.
Based on thexpression template techniquevdped by ©dd \eldhuizen and Dad

Vandeoorde [127], POOMA uses PETE foraduation of arraygressions.

An object-oriented language, such as C++yidl@s abstract-data types, templates,
and werloaded-operators. Byerloading the meaning of algebraic operators such as +, -,
*, and =, the programmer can specifywshabstract data types can be added, subtracted,
multiplied, and assigned respeelly. This allavs users to deelop high-leel container

classes, such as multi-dimensional arrays, with an easy-to-understand syntax for creating
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arithmetic (array) pressions. Thus, foxample, the user canitd array epressions
such asA=B+C-2.0*D” or “A(l) = B(l) + C(I) - 2.0*D(l)” where A, B, C, and D are
multi-dimensional arrays and | is an interthat specifies a portion of the entire array

Figure 17 shas a simple POOMA program that consists of a set of array statements.

A naive implementation of such an array class may use binageaded
operators for implementing the arithmetic operations describaa almdroducing
temporary ariables duringxgression ealuation. The abee epression wuld be

evaluated in stages as

t1=2.0*D;
t2=C-t1,

A=B+t2

where t1 and t2 are temporary arrays generated by the carpéeting and cofng
multi-dimensional arrays at each stage of-pase evaluation of an arrayx@ression is an
expensve operation. In contrast, if the same computation is coded in Qrivaf, it

would probably resemble Figure 18, where the iteration space spans each dimension of the
array and no temporanasables are created. Expression templatesvddOOMA array
expressions to retain their highvld form, while being transformed by the compiler into

C++ code that is comparable to C artfan in eficiengy [130][103].

Expression templates pride a mechanism for passingpeessions as guments
to functions [127]. In C++, arxpression is parsed by the compiler and its form, or

structure, is stored as a nested templaaraent. Thus, the form of ammession is
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‘E% xterm | a iD

clude "Poomas/Arrays.h"
#include <iostream.h>

/¢ The size of each side of the domain,
const int M = 3=1024:

int
maind
int ATEC . A argument. count
char = argvl] A argument. list
rE
/¢ Initialize Pooma,
Foomaiiinitializelarge, argyi:

A4 The array we'll be solving for
Arrayd@> AN, N BONLMY . CONLHG . DENAND. E(H.ND:

A4 Must block zince we're doing some scalar code {zee Tutorial 43,
Fooma: thlockAndEvaluate () :

A= 1,02

E = 2,0

C =30

0= 4,0

E = 5.0z
A=E+C+ D
C=E-A+2,0=E
D=A+C:
C=D+A-E:
A=2,0=0D+E:
E=15=B-A:

Fooma: thlockAndEvaluate () :

cout. << "D{1.1)
cout. << "D{9.9)

" DiL 1y << endl:
"L D99y << endl:

/¢ Clean up Pooma and report success,
Foomaiifinalizeds:
return 0@

Figure 17. Parallel multi-dimensional array operations in POOM

embedded in its type. Figure 19 slsohav an epression, such as “B+C-2.0*D” can be
represented as a parse tree and written in a prefix notation, which resembles the form of
the equalent templatexgression. During the template instantiation process, a compiler
generates specialized code for satisfying instantiation requirements. Expression templates
scheme taés adantage of this property of a C++ compiler that resembles a partial

evaluator [127][128].

Thus, the C++ compiler generates application-specific computarorlk during
the template instantiation and specialization phase, an approagh kegenegtive

programming[27]. Expression objects such as thosenshm Figure 19, contain
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const int N = 1024;
double A[N][N], B[N][N], C[N][N], D[N][NTJ;
inti, j;
[* initialization ...*/
[* computation */
for (i=0; i < N; i++)
for (j=0; ] < N; j++)
Alillil = BIil0] + C[i]l] - 2.0 * DIi];
/* Instead of simply
A=B+C-2.0*D;
if coded in POOMA */

Figure 18. Equivalent evaluation of array expressions in C

° Form: BinaryOp<Add,

B, <BinaryOp<Subtract
C, <BinaryOp<Multiply
e ’ Scalar<2.0>, D>>>>

Expression: B+ C-2.0*D
Prefix notation: (+ (B (- (C (* (2.0 D))))))

Figure 19. Parse tree for an expression (form taken [f#aih

references to all scalars and arrays that are present ixpitessgion. The structure of the
expression is embedded in the type of the object. A compiler that is able to inline functions
aggressiely [103] can generatefafient inlined code for the assignment of thalaator

object to the array on the left hand side of goression. Br the abwe expression, Figure
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20 shavs code that can be generated by a good C++ comipilénis mannerPETE can
generate dicient C++ code that does not gopr create temporary arrays in thalkeiation

of an array epression.

/* For a one dimensional case, A=B+C-2.0*Dwid look like: */
vector<double>::iterator itA = A.lggn();
vector<double>::iterator itB = B.ge();
vector<double>::iterator itC = C.gm();
vector<double>::iterator itD = D.gen();
while (itA = A.end())
{*A=B+C-2.0*D would be transformed as : */

*tA = *itB + *itC - 2.0 * (*itD);

*ItA++; *itB++; *itC++; *itD++;
}

Figure 20. PETE can generate code that is comparable in performanc

Given PETES transformations, there is clearly a need to figure owtyatovtrack
the transformations for performance mapping purposes. UnforturR@QMA tales the
problem one step furthdnstead of wecuting each array statement in its entirety before
the net, POOMA delays thevaluation of arraygressions, and groupovk paclets
(iterateg, from multiple array statements (loop jamming). These gtackre then

scheduled onvailable threads ofxecution.

4.5.2 SMAR'S

SMARTS [126] is a run-time system thadpdoits loop-level parallelism in data-

parallel statements through runtime-data dependence analysisegntian on shared
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PETE POOMA
A = B+C+D" ©. EVALUATOR
- ’ > € & L ]
C = E_A+2*B; % '5 ° D DO CCD
9 @ |:| El...l:l

SMARTS

controllep
[ ] iterate handdf

= work queue
g S § threads/CPUs

completed
l? L_ﬁ iterates
-

Figure 21. Compile-time (PETE) and run-time (SMARTS)
optimizations employed by POOMA

memory multiprocessors with hierarchical memories. It schedules independent loop

iterations of data-parallel (POOMA array) statements to maximize cache re-use.

POOMA statements are decomposed into iteratespk paclets, as shan in
Figure 21, after compile-timexpression template optimizations are applied in the PETE
layer. Iterates are scheduled for asynchronoeseation by the SMARS controlley onto
one or more usdevel SMARTS threads. Ealuating interleged work paclets that
originate from multiple statements is often referred toesSoal execution [125]. This is
in contrast to horizontakecution where all wrk paclets from a single statement must be

processed in a lock stegshion with, perhaps, a barrier synchronization operation
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between statements. Theeftical’ direction here refers to the direction in which chunks
of the set of high-lel data-parallel statements in a program are roughigrsad
(evaluated). The actual order of statemesatigation depends on Wwahe dependence
graph, representing the data dependencies among the iterates, is partitionvatLatete
SMARTS applies multiple operations corresponding téed#nt statements to the same
data before it leaes the cache. Localityaeare compiler optimizations such as strip-
mining, tiling, loop fusion, and loop interchange [93][138] achithe same &dct.

However, these may not be successfully applied when-steEement data dependencies
are complg. SMARTS operates at a libraryel, instead of the compilendel, and can
see bgond the compiler optimizations. \8&al scheduling algorithms are incorporated in
SMARTS and a comparison of their relatiparallel speedups is presented in [126]. The
choice of a scheduler determines the schedulingypdtscoverhead, and thexeent of
cache re-use. Thus, SMAR tries to imprge temporal locality and increase parallelism

of data-parallel statements.

4.5.3 Instrumentation Challenges Created by PETE and S 8AR

Both PETE and SMARS present challenging performance instrumentation
problems. © highlight these, consider theeeution of the high-leel POOMA array
statements shn in Figure 17. Using an the-shelf vendor supplied performance tool,
we obtain a sequential profile as wiman Figure 22, which ges the percentage of

cumulatve and &clusive time spent in each routineefplates are translated into their
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= emacs@pyres.cs.uoregon.edu | a ;QJ
Buffers Files Tools Edit Search Mule Help
’i‘FunctiDn list, in descending order by exclusive ideal time

[index] excl .secs excl . ¥ cum . cycles instructions calls function (dsoh
file, line)

[1] 0.731 23.7% 23.7% 141895935 118364520 5 rur__161Expresh
sionkKernel__tm__136_59%Array__tm__46_xCil_1_2d34BrickView__tm__17_XCilL_1_2XChlL_1_180pAssigndb™
ConstArray__tm__28_xCil_1_ZdleConstantFunctionlSInlinekernelTagFv_v (SimpleJacobl: Expression
nkernel.h, 220; compiled in UCCicAAfal4IHF . int.c)

[z1] 0.487 15.8% 39.59% 94497844 113418314 1 rur__484Expresh
sionkKernel__tm__459_59%Array__tm__46_xCil_1_2d34BrickView__tm__17_XCilL_1_2XChlL_1_180pAssign3e™
GConstArray__tm__349_XCil_1_2d336ExpressionTag__tm__314_310BinaryMNode__tm__291_50pAddledBina™
ryMode__tm__145_100pSubtracte4ConstArray__tm__46_XCil_1_2d34BrickView__tm__17_xCilL_1_Z2xChL_1%
_164ConstArray__tm__46_xXCiL_1_&2d34BrickView__tm__17_XCil_1_&xChlL_1_1114BinaryMode__tm__596_10%
OpMultiplylSScalar__tm__2_ded4ConstArray__tm__46_XCil_1_2d34BrickView__tm__17_XCiL_1_2ZXChlL_1_*
115InlinekKernelTagFv_v (SimpleJacobi: ExpressionKernel.h, 220; compiled in UCCicAAAa04IHF .in
t.c)

[ | [3] 0.350 12.6% 52.1% 79629619 30403528 1 rur__4Z7Expresh
sionkKernel__tm__402_59Array__tm__46_xCil_1_2d34BrickView__tm__17_XCilL_1_2XChlL_1_180pAssign3ls
1ConstArray__tm__292_XCil_1_2d279ExpressionTag__tm__257_253BinaryNode__tm__234_50pAddl58Bina™
ryMode__tm__139_S0pAdde4ConstArray__tm__46_XCil_1_2Zd34BrickView__tm__17_xXCil_1_2xChL_1_164Co*
nstArray__tm__46_xCil_1_2d34BrickView__tm__17_xCil_1_2xXChlL_1_164ConstArray__tm__46_xCil_1_2d*
Z4BrickView__tm__17_xCil_1_2xChlL_1_115InlinekKernelTagFv_v (SimpleJacobil: ExpressionkKernel.h,™
220; compiled in UCCicAAral4IHF . int.c)

[4] 0.350 12.6% 64.7% 79623475 30400456 1 rur__433Expresh
sionkKernel__tm__408_59%Array__tm__46_xCil_1_2d34BrickView__tm__17_XCilL_1_2XChlL_1_180pAssign3ls
ZConstArray__tm__298_XCil_1_2dz285ExpressionTag__tm__263_259BinaryNode__tm__240_100pSubtractl™
S8BinaryMode__tm__139_S0pAdde4ConstArray__tm__46_xXCil_1_2d34BrickView__tm__17_xCilL_1_2xChL_1%
_164ConstArray__tm__46_xXCiL_1_2d34BrickView__tm__17_XCilL_1_&xChlL_1_164ConstArray__tm__46_xCi%
L_1 2d34BrickView__tm__17_xCil_1_2xChlL_1_115InlinekKernelTagFv_v (SimpleJacobi: ExpressionkKer™
nel.h, 220; compiled in UCCicAAfaC4IHF . int.c)

[5] 0.350 12.6% 774 79608115 66213960 1 run__383Expresh
sionkKernel__tm__358_59%Array__tm__46_xCil_1_2d34BrickView__tm__17_XCilL_1_2XChlL_1_180pAssign2B6™
ZConstArray__tm__248_XCil_1_2d235ExpressionTag__tm__213_Z209BinaryNode__tm__1390_50pAddll4Bina™
ryMode__tm__96_100pMultiplylSScalar__tm__2_ded4ConstArray__tm__46_XCil_1_2d34BrickView__tm__1%
F_xCil_1_ZxChlL_1_164ConstArray__tm__46_xCil_1_ Z2d34BrickWiew__tm__17_xCil_1_Z2xChL_1_115Inline™
KernelTagFv_v (SimpleJacobi: ExpressionkKernel.h, 220; compiled in UCCicAAAaC4IHF . int.c)

[E] 0.350 12.6% 90.0% 79601971 66210858 1 rurn__35%Expresh
sionkKernel__tm__364_59%Array__tm__46_xCil_1_2d34BrickView__tm__17_XCilL_1_2XChlL_1_180pAssign2?™
JConstArray__tm__254_xXCil_1_2dz241ExpressionTag__tm__219_215BinaryMNode__tm__196_100pSubtractl™
14BinaryMode__tm__96_100pMultiplylSScalar__tm__2_dE4ConstArray__tm__46_XCil_1_2zZd34BrickWiew_*
_tm__17_XCil_1_Z2XChlL_1_164ConstArray__tm__46_XCil_1_2d34BrickView__tm__17_XCil_1_2xXChL_1_115%
InlinekKernelTagFv_v (SimpleJacobi: ExpressionKernel.h, 220; compiled in UCCicAAAa04IHF . int.ch

]

[7] 0.2582 9.59% 99.5% 56727603 56773704 1 run__33ZExpresh
sionkKernel__tm__307_59"rray__tm__46_xCil_1_2d34BrickView__tm__17_XCilL_1_2XChlL_1_180pAssign2ls
GConstArray__tm__197_XCil_1_2d184ExpressionTag__tm__162_158BinaryNode__tm__139_50pAdde4Const™
Array__tm__46_xCil_1_Z2d34BrickWiew__tm__17_xCil_1_ZxChlL_1_164ConstArray__tm__46_xCil_1_Z2d34B™
rickView__tm__17_XCiL_1_Z2XChL_1_115InlinekKernelTagFv_v (SimpleJacobi: ExpressionkKernel.h, 22N
| |0; compiled in UCCicARAa04JHF .int.c)

- prof _output [ Fundamental ) ——
EMinibuffer window is not active

Figure 22. Profile generated by a vendor-supplied performance tool.

instantiated entities in forms not kmo to the useMNone of the entities in the output relate
directly to code that the user writes. On closer inspection, we find that the routines profiled
are templates,ut the names are mangled by the C++ compileere are te ways to deal

with this: emply a demangling tool that translates between each demangled and mangled

name, or to instrument it so that the application generates de-mangled template names. As
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our current focus is not on the demangling problem r&ther on the mapping issue, we

use the latter approach and apply routine-based sowmaddenplate instrumentation.

Each template instantiation can be uniquely described using runtime-type
information (R'TI) of objects [113] using C++ language features [118] that are
independent of compiler implementations and system specific constraititshi/
support, we can construct the name of an instantiated template based on the method name,
class name, and a string that represents the types afutaemnts and its return type. Once
we can construct the name, we can define a semantic entity that represents the instantiated
template class. Performing sourcedkeinstrumentation of templates ismpossible and
results in a profile that siws the template names as illustrated in Figure 23. This figure
shavs the complete template name and includes the instantiations in terms of types at the
language leel, instead of shwing the names in the internal compiler name mangling

format, that the user does not understand.

While the obsergd program entities are presented at a higher languaggite
may still not be at a high enouglvét of abstraction. Although, name mangling problems
are ameliorated, only the structure of tRpression template is\g@n, which can beairly
difficult to interpret, een for someone who understands the inmakimgs of PETE. &r
the performance data to be useful, it must beexted into a form that the user can
understand. Ideallyhis would be in terms of actual sourcexédata-parallel POOMA
statements. Suppose the library that implementsxhiession templates describes the
form of the @pression template to the toolM@monment. or instance, the form can be a

string like “Array=Array+scalar*Array A semantic entity can ain be defined,u in
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Buffers Files Tools Edit Search Mule Help

[14Time Exclusive Inclusive #Call #Subrs  Inclusive Mame
msec total msec usecscall

100.0 0,024 19,993 1 1 19993926 _startoff () vold (Thread *)
100.0 3 19,993 2 23 9996951 schedule_private() wold ()
100.0 1 19,9388 11 11 1817173 Iterated{FastAsync’: execute™
() woid ()
29.z2

. 5,840 5,840 5 8] 1168089 run ExpressionKernel<Arrays
2, WiewD<Array<2, double, Brick>::This_t»::MewT_t, ViewO<{Array<Z, double, Brick»::This_t™
»iriMewEngineTag_t», OpAssign, ConstArray<Z, double, ConstantFunction?, KernelTagdWiewO{AM
rray<z, double, Brick>::This_t>::Type_t, ViewOD<{ConstArray<Z, double, ConstantFunction>::
This_t»::Type_t>::Kernel_t>

13.6 2,727 2,727 1 8] 2727246 Jrun ExpressionKernel<{Array{s
2, WiewD<Array<2, double, Brick>::This_t»::MewT_t, ViewO<{Array<Z, double, Brick»::This_t™
»iriMewEngineTag_t», OpAssign, ConstArray<z, YWiewd<{ConstArray<Z, MakeReturn{BinaryMode{Op*
Add, BinaryModed{OpSubtract, Reference<ArrayCreateleaf<{2, double, Brick>::Arrayleaf_t>, R:
eferencedArrayCreateleaf <2, double, Brick?::ArrayLeaf_t>>, BinaryModed{OpMultiply, Scalar®
{double, Reference{Arraylreateleaf{2, double, Brick>::Arrayleaf_t>>>>::T_t, ExpressionT:
ag<MakeReturn{BinaryNode<OpAdd, BinaryMode<OpSubtract, ReferencedArrayCreateleat<2, doub™
le, Brick»::ArrayLeaf_t>, Reference{ArrayCreateleaf(2, double, Brick?::ArraylLeaf_t>>, Bix
naryMode<OpMultiply, Scalar<double>, ReferencedArrayCreateleaf<Z, double, Brick>::Arrayl™
eaf_tr»>»riiTree_t>> 1 :This_t>::NewT_t, ViewO<ConstArray<Z, MakeReturn<{BinaryMode<OpAdd, B
inaryMode<OpSubtract, Reference{ArrayCreateleaf<?, double, Brick»::Arrayleaf_t>, Referen
ce<ArrayCreateleaf(Z, double, Brick?::ArraylLeaf_t>>, BinaryMode<OpMultiply, Scalar<doubl™
e», Reference{ArrayCreateleaf<2, double, Brick?::Arrayleaf_t>>>>::T_t, ExpressionTagd{Mak™
eReturn<BinaryNode{OpAdd, BinaryNoded{OpSubtract, Reference{frrayCreateleaf<Z, double, Br:
ick>::tArraybleaf_t>, ReferencedArrayCreateleat<?, double, Brick?::Arrayleaf_t>>, BinaryMNo:
dedOpMultiply, Scalar<double?, Reference<Arraylreateleaf<Z, double, Brick>::Arrayleaf_t>*
PrriiTree_t»2 i :iThis_t>::MewEnglneTag_t», KernelTagdWiewl<{Array<?, double, Brick>::This_t
»riType_t, WiewD<{ConstArray<Z, MakeReturn<BinaryMNode{OpAdd, BinaryMode{OpSubtract, Refer
ence{ArrayCreateleat<?, double, Brick>::Arrayleaf_t>, ReferencedArraylreateleaf<Z, doubl™
e, Brick»::Arrayleaf_t>>, BinaryMNodedOpMultiply, Scalard{double}, ReferencedArrayCreatele™
af<Z, double, Brick>::Arrayleaf_t>>>>::T_t, ExpressionTag<MakeReturn{BinaryMode<0pAdd, B
inaryMode<OpSubtract, Reference{ArrayCreateleaf<?, double, Brick»::Arrayleaf_t>, Referen
ce<ArrayCreateleaf(Z, double, Brick?::ArraylLeaf_t>>, BinaryMode<OpMultiply, Scalar<doubl™
e», Reference{ArrayCreateleaf<2, double, Brick?::Arrayleaf_t>>>>::Tree_t>>::This_t>::Typh
e_tr:i:iKernel_t>

12.9 2,534 2,534 1 8] 2584162 run ExpressionKernel<Arrayds
2, WiewD<Array<2, double, Brick>::This_t»::MewT_t, ViewO<{Array<Z, double, Brick»::This_t™
»iriMewEngineTag_t», OpAssign, ConstArray<z, YWiewd<{ConstArray<Z, MakeReturn{BinaryMode{Op*
Add, BinaryModed{OpAdd, Reference{ArrayCreateleaf<Z, double, Brick::Arrayleaf_t>, Refere:
| [nce<ArrayCreateleat<?, double, Brick:::Arrayleaf_t>>, ReferencelArraylreatel {2, doubl™
{Fundamental) S —

Figure 23. Expression templates embed the form of the expression in a temg
name

this case with a higher geee (specificity) of abstraction. This technique is eggdowith

our performance instrumentation franwk in Blitz++ [113], a sequential array class
library that uses»ression templates for optimizationittMhis approach, the time spent
in “A=1; B=2; C=3; D=4; and E=5;" statements can eatively aggrgated into one unit

of the form ‘Array=scalai While this level of abstraction is better than interpreting the
form of expression templates, it still does not allthe performance data to be assigned to

each source-le| array statement when the statements are being concurnesttiyted.
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Figure 24. Synchronous timers cannot track the execution of POOMA arr
statements.

4.5.4 Mapping Challenges in POOMA

Standard routine-based instrumentation of the parallel POOMA application

(optimized using PETE and SMAR) aggregates the time spent in akgression

templates that ha the form Array=scalaj as shavn in Figure 23. ® get a statement-

level profile of the POOMA application, one might try to usevemional timers. Here,

the name of the timer could be composed of the statemename the cost of each
statement could be measured by surrounding it with start and stop timing routines.
However, using “synchronous” timers for tracking theeeution of POOMA statements
leads to a profile, as sla in Figure 24. It shes that there are mvthreads ofxecution;

on thread (the controller thread99.81%o0f time is spent ifooma::blo&kAndEvaluate()
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template<class LHS, class RHS, class C

class EalTag>
; void Expressionkrnel<LHS, RHS, Op,
\ EvalTa >::runq_
+C+D, o ————{/*iterafe execution */
-A+2.0°B@t—————

}
Figure 25. One-to-many mappings in POOMA

routine, and ngligible time (<1%) is spent in thex@cution of actual array statements. On
threadl we see a profile similar to Figure 22 that consists of templatessions.

Clearly, there is something happening in tixe@uition that the user does napect. This
acain, highlights the semantiapg between the ussmerceptions and the result of
transformations that tools cannot tracfeefively. The reason for thisap here is due to

the asynchronousecution of iterates in SMARS.

As discussed alve, POOMA breaks up each array statement into iterates. All
iterates areecuted by theun() method of théexpressionkernel class template, as
shavn in Figure 25. & accurately measure and correlate the costexfuging each array
statement, we need to measure the cost of creating the iterates (the synchronous
component of xecuting a statement on thre@d perform measurements in the
Expressionternel::run() method, and map these costs to the appropriate POOMA
statement. @ male matters \wrse, iteratexaecution taks place on threads other than
threadO (controller thread), as described in Figure 21. Furthermore, iteratescardes

out-of-order and asynchronoustg maximize cache re-use.
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4.5.5 Our Mapping Approach

Beyond the use alve of semantic entities to track template instantiations and
capture statement identification, the problem of iteration mapping and asynchronous
execution requires more sophisticated and aggressapping support. Using our
association based approach to mapping performance data, we can create a unique
association between a\{fdevel) Expressionkernelobject and its corresponding (high-
level) POOMA statement. ®/do this using semantic atwies and semantic association.

As before, for each highalel POOMA statement (e.g., A=B+C+D;) we create a timer (a
semantic entity) with the statement string (e 4B+C+D;”) as the timer name

(semantic attribte). During the creation of each Expressient€l object that represents

an iterate, the timer address is stored in an STL map [118] wéh @ kash attribte).

When the statemenkecutes, the constructor of te&pressionkernel object is inoked

and the map (which acts as a hash table) is searched with theeyamedkeal the timer
associated with the statement (i.e., a dynamic semantic association). The
Expressionternelclass is gtended to include a data member that holds the address of the
timer. In this mannereach iterate is assigned to the statemesel-tener through a

process that encodes the dynamic semantic association into the iterate object. When the
run() method is imoked asynchronously during iterateatiation, the “embedded
association” (i.e., the p@bject statement timer) is accessed and timing measurements in
this method are performed with the statemewgilémer Hence, lav-level cost of

executing theun() method for each statement iterate can be precisely measured and
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n,c,t 0,0,1
1340%[ = |C=E-A+20"B;
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662% B A =1.0;

6.49%[ |B=20;

597% B C=30;

587% |D=40;

582% B E=50;
schedule_private() void ()
Iterate<FastAsync:::execute() void ()
_startoff() void (Thread *)

Figure 26. Mapping costs of individual POOMA statement:

accumulated for the statement. The performance data can thennreiistzomore

meaningful manneilas shan in Figure 26.

Moreover, no limitations are imposed on the choice of performance measurement.
We could just as easily generate,t traces, to highlight the temporal aspect of iterate
scheduling. Figure 27 stws the scheduling of iterates on threadand2, while the
Pooma::blo&kAndEvaluate(Jcontroller code)waits their completion on thre&dfor a

thousand iterations of the array statements.

Following the SEAA approach, we can partition the performance data from one-
layer of abstraction, based on application data (iterate objects) and correlate it tg another
accurately accounting for the cost of midual statement&cution, gen in the presence

of asynchronousxecution. Mapping performance data based on embedded associations
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provides a better vie of the performance data in POOMA, one that corresponds to

source-leel constructs.

=TAU_USER
SMARTS Thread 0 yoid | A=1.0;
T T T T B=2-u;

N
0
d
e

mC=3.0;

| | | D-40;

1 I
0 ! |
; i ; i i WE=5.0;
J . i i ! A=2.0*D+E;
1 I

WE=15"B-A;

SMARTSThreadZIA:Z.ﬂ’IJ:oE; | - ‘B:Z.l]; BN 4-B.CD;

schedule_private() void )

Figure 27. Event traces of mapped iterates show the contribution of array stat:

4.6 Case Study: Uintah

Admittedly, POOMA represents a comglprogramming systemubthat does not
mean that the nature of mapping problems it presents are uncommon. Uintah [35] is a
component-based framverk for modeling and simulation of the interactions between
hydrocarbon fires and high-eggrexplosive materials and propellants. Similar to
POOMASs programming objecte, Uintah encapsulates the conxies of parallelism,
but uses the DOE Common Component Architecture (CCA) [57] as the programming

approach and the SCIRun franark [54] for interactve steering and visualization.
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Recv Dependency [MPIScheduler::execute()]
MPI_Allreduce()

Topological Sort [MPIScheduler::execute()]

A dans loama

|
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=

: close |

Figure 28. Task execution needs to be explored further in Uintah

Uintah is a domain-specific interaatiscientific Problem Solving Emonment (PSE) that

targets tera-scale high performance computing. In [35], the authors describe a typical

simulation using the PSE: glimder containing comisstible, high-engyy materials is

suspended alve a flame. As the simulation progresses, the highggmeaterial

explodes, the ginder deforms and cracks as the pressurgl$® up, and the material

finally detonates. d simulate such a system, a computational fluid dynamics (CFD)



91

= mean profife 1= {0
File  Order Help
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, A
Ftime msec total msec #call #subrs

89.3 1:29.712 1:3 1 225 28

6.8 7,202 7,202 49 0

4.7 3,735 5,026 14 294

1.2 1,287 1,287 98 0

1.0 1,012 1,012 1 o]

0.7 719 719 99 0

0.5 564 564 598.5 0 243
100.0 472 1:46.469 1 19 106469389

0.3 350 352 14 EL] 25173 MPISeheduléer::scattert

1.2 297 1,303 15 2688.5 86895

98.5 195 1:44.924 15 1189 6994941

0.1 151 151 498.75 0 303

0.1 1492 1492 15 o] 2994 )

0.1 133 133 131.25 0 1020 G388

6.8 106 7,197 211 2165 34111

0.1 102 102 85.75 0 1190

0.1 86 86 498.75 4] 173 MPI_Irecw ()

0.2 64 248 211 2455, 25 1180 Send Dependen rexecute()]

0.1 &0 60 1 0 60410 MPI_Init{)

0.0 25 49 73.5 73.5 679 Test Some [MPIScheduler::execute()]

0.0 2 11 15 30 798

0.0 6 6 1197 0 6 = T

0.7 4 723 99 99 7312 Scheduler: texecute ()

0.0 3 3 1795.5 0 2 i3 £

0.0 2 2 1030.75 o] 2

0.0 2 2 1000.5 0 2

0.0 1 1 15 o] 126

0.0 1 1 498.75 0 3

0.0 1 1 38 o] 16

0.0 1 1 354 ) 4 tput [MPIScheduler::execute()]

0.0 1 1 33.25 o] 34

0.0 0.284 0.284 30 0 9 MPI_Buffer detach(}

0.0 0.244 0.244 98 4] 2 MPI_Get_count ()

0.0 0.228 0.228 3 4] 76 MPI_Type_wector()

0.0 0.0778 0.0778 15 4] 5 MPI_Buffer attachi)

0.0 0.0565 0.0565 1 0 57 MPI Comm_size(}

0.0 0.0019 0.0019 1 o 2 7

-

close

Figure 29. Uintah node profile shows that task execution is a computationally intel
activity.

component, simulatingyldrocarbon comisstion, is coupled with a material point method

(MPM) component, to study the mechanics of solid deformation angyetransport

within the glinder.

To evaluate the performance of a Uintah application, we seddgtinstrument at

the source Mzl and the message passing librameleThis two-level instrumentation, is

explained in the pngous chapterlt enables us to see the details of message

communication as well as applicationdéroutines. Figure 28 sthws a high-leel profile

of the execution of diferent tasks within the parallel schedul#k see thafask eecution

takes up a significant chunk of theewall execution time. It taks up79.91%o0f exclusive

time on nodd® and Figure 29 shes that it taks89.3%of inclusive time aeraged wver all
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Figure 30. Mapping reveals the relative contribution of different tasks

|

nodes. While more detailed instrumentation camsh® each instance of taskeeution,

it does not highlight the nature of tasks thadaite (i.e., the task semantics: “what does

the task do?”). The computation on the undiial particles generatesovk paclets. Each

work paclet belongs to a task, and each task does something that the computational

scientist understands (such as interpolating particles to a grid in the serial multi-point

method). &sks can be gén a name (e.gSerialMPM::interpolateRrticlesToGrid) and
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Figure 31. Global timeline shows the distinct phases of task executio

these names correspond to domain-specific abstractions that are not directly represented in

the xecution.

What the scientist ants to see is the partition of theecall task gecution time
among diferent tasks. The similarities to the POOMA mapping problem are apparent.
The number of tasks is finite and is typically less than twétawever, there are seral
million particles (or vork paclets) that are distrilied across processors axeé@ited. ©
relate the performance of each particle based on the task to which it belongs, defines the

performance mapping problem.
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Figure 32. Color-coded activity chart highlights the relative contribution of
different tasks

Using our SEAA model of mapping, we form an association, during initialization,
between a timer for each task (the task semantic entity) and the task name (its semantic
attribute). While processing eaclovk paclet in the schedulea method to query the task
name is imoked and the address of the static character string is returned. Using this
address, we do axternal map lookup (implemented as a hash-table) andvethe
address of the timer object (i.e., a runtime semantic associatiod) thNg timer is started

and stopped around the codgreent that gecutes an ingidual task.

Figure 30 shas the results of this vk paclet-task mapping performance
analysis in Uintah. Agin we see the benefit of the SEAA approach in presenting

performance data with respect to highelesemantics.

When @ent-traces are generated, it lets us track the distinct phases of computation.

Figure 31 shars a global timeline where each task is caoded. That is, although we are
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Figure 33. Summary chart

looking at indvidual work paclets being xecuted, the mapping alle us to “see” their
performance data at a high#g. The actrity and summary charts for a 32 processor run

of the program are stm in Figure 32 and Figure 33 respeely.

4.7 Conclusions

In the abwe case studies, weVrtried to illustrate the application of the SEAA
mapping approach to applications where higlell®perations are decomposed inww-o
level work units that are separateblyeeuted and (asynchronously) scheduled.h&fe
shavn hav upward one-to-maymappings imolve attrituting the cost of one Vo-level
statement to one or more highevel entities and can be addressed by SEAAviBus
work in this area has focussed on aggtmg the cost of multiple instances of the mapped
statement to highdevel statements/entities. Ouowk is able to look at each instance,

isolating the pemstance cost and correlate the measurements performed at each instance
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to its associated highene form. This allevs a more accurate attution of measured

low-level costs.

In each of the abh@ cases, we araded with the problem of resolving one-to-
mary mappings for an iterat computation. iaditional approaches of aggetion or
amortization wer all iterations do not pvade the l@el of detail or accuracthat we
desire. So, we measure each iteration, wvaation of the la-level routine and correlate
its cost to highetevel abstractions using application data in conjunction with static

semantic entities (routine, statemexg@ution).

Although not the xplicit focus of this chaptein order to perform these
experiments we used instrumentation at multiplele In POOMA, source-\el
instrumentation for mapping is combined with preprocesset iestrumentation using an
instrumentor based on PDT [69] and instrumentation at the libnagl/(BMARTS).
Together these \els cooperate with each other andjéra common performance
measurement API. In contrast, in Uintah, we used instrumentation at the swvelderle
mapping together with instrumentation at the MPI wrapper interposition libraelyfte
composing the performancgperiments. Thus, a multistel instrumentation stragg

helps generate performance data in these mapping scenarios.
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CHAPTER V

INSTRUMENTATION AWARE COMPILATION

5.1 Introduction

Instrumentation at the sourceréd of a program can focus on the statement,
expression, and basic-blockvids, allaving language-kel semantics to be associated
with performance measurements [113jpiCally this is done by inserting calls to a
measurement library at appropriate locationsveler, because compilers do not
distinguish between measurement routines from application routines, the instrumentation
and code restructuring transformations performed byyroptimizing compilers may

mutually interfere:

The tacit assumption underlying source code instrumentation is that the
organization and structure of the compitgrnerated code are similar to
that in the source code. When this assumptioalse f instrumentation may
either inhibit or change the normal optimizations or it may measure
something other than what might bepected whenxamining the source
code.

- Daniel A. Reed [98] pg. 487

This has been an open problem for sourgetlimstrumentation.
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In the na&t section, we describe the issues in more detalthn introduce the
concept of instrumentationa@re compilation that addresses the problemwatig for
accurate source\el instrumentation despite aggressoptimizations. W finish this
chapter by discussing our prototype of an instrumentati@areacompiler and its use with

both C and ZPL application code.

5.2 Issues in Instrumentation

Hypothesis: Ther eists instrumentation that can inhibit compiler optimizations

Timing instrumentation is often introduced as start timer and stop timer calls
placed around a section of code, asashim Figure 34. Figure 34 (a) skis the original
source code for a simple application without instrumentation and Figure 34\ e
same code with instrumentation for a timer inserted around a single statement. Consider
what happens as a result of optimization. Figure 34 (byshime un-instrumented code
after optimization. Loop wariant code motion [2] has been applied torenthe
subepressiony+z) out of the loop as skm by the arra. In the case of the instrumented
code of Figure 34 (c), lnever, x andy are global ariables and the compiler
conseratively assumes that theiales could be changed in stepandstart routines.

As shavn in Figure 34 (d), it does not perform the optimization.

This example demonstrates that the presence of instrumentation can inhibit

optimizations een for simple cases. What implications does thie tiar performance



void start(wid); extern int foo(\oid);
void stop(wid); extern int y; etern int z;
extern int yz; int foo(void){
int foo() auto int i, x, temp;
{
inti, x; i=0;
temp = (y+2);

for(; i<500; i+=1) <¢——

{

for (i=0; i < 500; i++) g
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{ I* the blg 0o X =temp + i; loop
X = yFZ+i; P -
} - return Xx;
return x; }
}
(a) Unoptimized code without (b) Optimized code without
instrumentation INnstrumentation
void start(wid); extern wid start(wid);
void stop(wid); extern \oid stop(wid);
extern int yz; extern int yz;
int foo() extern int foo(\oid);
{ int foo(void) {
inti, x; auto int i; auto int x;
i=0;
for (i=0; i < 500; i++) for(; i <500; i+=1)
{ /* the block */ {
start(); start();
X = y+z+i; x = ((y+2)+i);
stop(); stop();
} }
return Xx; return Xx;
} }
(c) Unoptimized code with (d) Optimized code with instrumentation
instrumentation

Figure 34. Four versions of a program, demonstrating the effect of code restruct
optimizations on the accuracy of a timer. Uninstrumented code is on the top; ir
mented code is on the bottom. Unoptimized code is on the left; optimized code

the right?

1To generate this figure, we used a commercial optimizing C++ compiler to generate the equiva
code by lowering the intermediate representation of the program after optimization. The compile

erated symbols in the code were translated to a more readable, equivalent form by hand.
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1: #include <stdio.h>

2. #include <Profile/Profildn>

3:

4: intx,y;

5. intf(int a, int b, int c, int d)

6: {

7. intwz;

8. TAU_PROFILE_TIMER(ft, “Contrikution of x,y and z”, “[f()]”,
TAU_DEFAULT)

9:

10: TAU_PROFILE_START(ft);
11: x=a+a*(b-c);

12: y=(b-c)*d;

13: Z=X+Y,

14: TAU_PROFILE_STOP(ft);
15: w = 5*Z+6;

16:

17:  return w;

18: }

19:

Figure 35. Using a timer to measure the cost of executing three statemel

measurement? Cleaslijnaking measurements of unoptimized code can lead to distorted

views of performance with respect to its optimized form.

Hypothesis: Ther ist optimizations that can lead to inceat measiements

Consider the program in Figure 35, whiclagguses a simple timer positioning
startandstopmethods around a group of statements. The tiitn@eclared at line 8),
measures the cost ofexuting the statements at lines 11-13. In contrast with thépee
example, the ariablesa, b, ¢, andd used in the measured code are not global and, hence,
the timer calls will not interfere with optimization. Figure 36wwkdhe unoptimized

assembly code for the routihégenerated for the Sparc processor). In starting rotitine
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1: .section “.data” 31: Id [%fp+68],%I5
2. .size .3,4 32: Id [%fp+72],%l4
3. .align4 33: Id [%fp+76],%I3
4: .3: 34: sub %l4,%I3,%I4
5. .word 0x0 35: smul %l4,%I5,%I5
6: .global f 36: add %I6,%I5,%I6
7. .section “.tgt” 37: st %lI6,[%l7]

8: .align4 38: setynl7

9: .proc4 39: Id [%fp+72],%I6
10: f 40: Id [%fp+76],%I5
11: sae %sp,-96,%sp 41: sub %l6,%I5,%I6
12: st %i0,[%fp+68] 42: Id [%fp+80],%I5
13: st %il,[%fp+72] 43: smul %I5,%16,%I6
14: st %i2,[%fp+76] 44: st %I6,[%I7]

15: st %i3,[%fp+80] 45: set x,%I7

16: set.3,%00 46: Id [%I7],%I7

17: mos %00,%00 47: set y%l6

18: set.L4,%01 48: 1d [%16],%I6

19: mor %01,%01 49: add %I7,%I6,%i4_|_irner of
20: set .L5,%02 50: set.3,%l7

21: mov %02,%02 51: Id [%I7],%00

22: set Oxfffffff,%03 52: mor %00,%00

23. mo %03,%03 53: call tau_stop_timer; nop
24: call tau_profile_c_timer; nop 54: L2:

25. set.3,%l7 . 55: smul %i4,5,%I7
26: Id [%I7],%00 Timer on 56: add %I7,6,%i5
27: mor %00,%00 57: mov %i5,%Ii0

28. call tau_start_timer; nop 58: ret; restore

29: set x,%I7 59: .type f,#function
30: Id [%fp+68],%I6 60: .sizef,.-f

Figure 36. Unoptimized assembly code for routine f

(line 10), the stack pointer is\ve& (line 11) and the fourguments 4, b, c, d) are stored
at appropriate locations using the address of the frame pointer (lines 12-4t5thNe
output rgistersol througho3 are set up for the call to the timegisration routine (lines
16-23), the timer is created (line 24), and it is started (lines 25-28). After the timer is

startedx is calculated (lines 29, 34-37) byatduating the subgression(b-c) (line 34),
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multiplying the result by (line 35), adding to that (line 36), and storing the finallwe

in x (line 37). Similarlyy is calculated (lines 38-47) by loadib@nd c (lines 39-40),
evaluating(b-c) (line 41), multiplying it byd (lines 42-43), and storing the resultifline
44). Afterx, andy are calculated; is computed by addirngandy (line 49). This is
followed by stopping the timer (lines 50-53). After the timer is stoppesi computed
(lines 54-56) by multiplying with 5 (line 55) and adding to z (line 56), before returning
from the routine (lines 57-58) asaw/the case in our pieus example (Figure 34), the
unoptimized code measuresaetly what the user @uld expect his/her instrumentation to

measure, in this case, the assignmemrt ypandz but not the assignment @

When the same program is optimizedwieer, the code transformations lead to a
violation of the uses measuremenkpectations. Consider the optimized code in Figure
37. There are tavproblems. In the first case, the compiler performs common
subepression elimination, computi{@-c) in line 18 and using it in lines 20 and 40. This
means that the computation(btc) and its use in computiraf(b-c) at line 20 both occur
befoe the timer is ceatedin lines 21-29pr startedin lines 30-33. The result is that the
timer does not measure the cost of compuit(f-c)! In the second cas&*5) is
computed in line 4Before stopping the timglines 48-51). Agin the optimization is
legal since the alue ofz cannot be &t cted by the stop timer call. The consequence is that
the cost of (z*5) is incorrectly attribited to the timerThus, the cost a*(b-c) is not
counted when it should be and the coqizt%) is counted when it shouldrbe. This is

clearly inconsistent with the usgiihtentions.
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1: .section “.data” 29: call tau_profile_c_timer; nop
2. .size .3,4 30: set.3,%i5 Timer on
3. .align4 31: Id [%i5],%00

4: .3: 32: mo/ %00,%00

5: .word 0x0 33: call tau_start_timer; nop

6: .global f 34: set x,%i5

7. .section “.tgt” 35: Id [%fp+68],%i4

8. .align4 36: add %i4,%I1,%i4

9: .proc 4 37 st %i4,[%i5] (b-c)*d
10: f: 38: set yWhi5

11: sae %sp,-112,%sp 39: Id [%fp+80],%i4 /

12: st %i0,[%fp+68] 40: smul %i4,%I0,%i

13: st %il,[%fp+72] 41: st %i4,[%i5]

14: st %i2,[%fp+76] (b-c) 42: set x,%i5

15: st %i3,[%fp+80] 43: 1d [%i5],%i5

16: Id [%fp+72],%i5 44: set Ybi4 (z*5)
17: Id [%fp+76],%i4 a*(b-c) 45: |d [%i4],%i4

18: sub %i5,%i4,%I0 46: add %i5,%i4,0/8|3/
195 Id [%fp+68],_%i5 475 smul %I0,5,%l Timer of
20: smul %I0,%:i5,%l 48: set .3,%i5

21: set.3,%00 49: 1d [%i5],%00

22: mo %00,%00 50: mos %00,%00

23: set.L4,%01 51: caII tau_stop_ftimer; nop "
24: mov %01,%01 52: z*5)
25: set .L5,%02 53: add %I0,6, %I

26: mos %02,%02 54: ret; restore

27: set Oxiffffff,%03 55: .type f,#function

28: mos %03,%03 56: .sizef,.-f

Figure 37. Optimized assembly code for routine f

Thus, we hae demonstrated the tvkey problems in sourcekel instrumentation
in the presence of optimization: performance instrumentation may inhibit the application
of optimizations, and optimizations may not presghe semantics of the
instrumentation. Existing tools typically@d these problems by alling

instrumentation only at the routinevéd. e next propose a mechanism thabwid allov
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=
|

optimizing compiler

< optimized 0utput>

Figure 38. Traditional optimizing compile

accurate instrumentationda to the granularity of sourceviel statements despite

aggressie optimizations.

5.3 InstrumentationAA&are Compilation

An instrumentationi@are compiler presees the semantics of instrumentation in
the presence of optimizations. Figure 38vehithe model of a simple optimizing
compiler Figure 39 shws the atensions needed for an instrumentatioraige compiler
In that figure, the source code annotated with instrumentation is first fed into a de-
instrumentor that strips the annotations axtdaets an instrumentation specification. The
de-instrumented program is fed into the compl#nce all instrumentation has been
removed, it can not &kct optimization. During compilation, the de-instrumented code is
also analyzed to produce mapping tables that are updated to reflect code transformations.
The mapping information relates the output of the optimizer to the de-instrumented input.
It is fed, along with the optimized output and tRe-@&cted instrumentation specification to

the instrumentor which re-introduces the required instrumentationuétigtihe costs of
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( annotated input>

Y

de-instrumentor instrumentation
‘ specification

/ de-instrumented\
input

- /
Y

optimizer
mappin
table
Y
< optimized output)
> instrumentor -

Cnstrumented outp@

Figure 39. Instrumentation-aware compilation model is cognizant of optimizi

source statements to indiual instructions appropriatelyhe output of the instrumentor
is then sent to the back end which generates object code forgaepiatform. The result
of these transformations is that the instrumentatigare compiler can mo generate
optimized object code that has better placement of instrumentation annotations for

performance measurement.
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The maintenance of mapping information during compilatiorgys An
optimizing compiler has three distinct phases: parsing, optimization, and code generation
as shavn in Figure 40. A front end parses the source codaitd an internal
representation of the code. This code list may be in the form of an abstract syntax tree or a
forest of directed aclic graphs. During parsing, as s are processedluable source
information flavs through the front endoTouild mappings, the first step is teteact
source-lgel information from the parsing phase and store it in the internal representation.
The internal codelists are fed to the optimiZgpically, optimizers prefer input in the
form of a flav graph. A flav graph describes the ¥oof control and data in the program.
So, the code lists need to be transformed before the optimizer can perform a sequence of
code transformations. Thekto huilding source-leel mappings is to preserthe source
information during these transformation phases. Appendixwslecamples of diferent
optimizations and he a compiler can maintain correspondences between unoptimized
code and optimized code during each transformation phase. During transformation,
instructions in the original code list are re-ordered, copied, and deleted. It is important for
routines that modify the code list to alseek track of sourcexel information to preent
ary loss of mappings. The mapping correlatesviiddial instructions in the optimized
output to the original sourcevel statements.d¥ further detail, we describe a prototype

implementation of an instrumentationre compiler for the C language.
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( source code )

front end

v

< code list >
Y

optimizer

Coptimized code IisD

Y

back end

( object code )

Figure 40. Structure of a typical optimizing compiler

optimizing
compiler

5.3.1 Prototype Implementation

Our prototype of an instrumentationsare compiler supports performance
instrumentation in the form of timergistration, start and stop callseWtarted with the
source code of the compiler used in the FULLDOC [50] project at theetsitly of
Pittshurgh. That compilerxd@ended the publiclyailable and portable Icc [31] C compiler
to include optimizations and support for dgging. It performs statement and loopdle

optimizations such as constant progiagn, loop iwvariant code motion, dead code
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front end - de-instrumentor

* instrumentation

—Gource code, symbgs requests

instrumentor

Y

optimizer

Y

I(optimized code list
| Y

: back end 4—<annotated code Ii%

il Sslelaiuiie instrumentation-aare compiler
( object code )

linker <_< libraries )
< executable >

Figure 41. Structure of an instrumentation-aware compiler

elimination, partial redundagpelimination, rgister allocation, and folding. In addition,

the compiler maintains mappings [52] that relate source code locations to corresponding
locations in the optimized code through multiple phases of code transformations. This
enhanced compileras used to implement a comparison cee¢iCOP) [51] that

compares the computedlues of gecutions of optimized and unoptimized codes; when

these difer, it can point out the source location wheaéues difered and which
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optimizations were responsible for thefeliences. This technique is used towghnd
validate an optimizeit was also used taudd a full reporting debbgger (FULLDOC) that
can stop a program betweeryawo source statements and repatues of all ariables in

the optimized program using a combination of static and dynamic information.

While the enhanced optimizing Icc compiler had mappings and optimizations, it
was geared twards setting breakpoints betweery &mo statements in the source code
and recreating thealues of ariables at those pointsoifperformance instrumentation, we
needed to track the contution of statements between a paist#rt andstop
instrumentation calls in the source coddt, Wwe were not interested irm@oring the state
of the program by querying thales of the ariables. The information we needed for
fine-grained performance instrumentatioaswot gailable in the compileiso we made a

number of straightforard extensions to the compiler

Figure 41 shas the structure of our prototype instrumentatiomia@ compiler
The following describes each of the added components needadd@br

instrumentation-aare compiler as indicated by the shaded rectangles in Figure 41.

5.3.1.1 De-instrumentor

As shavn in Figure 42, the de-instrumentor reras all instrumentation from the
code, lilding the de-instrumented source code, the instrumentation specification, and the
symbol mappings. Wimplement it as a source-to-source translator that recognizes

instrumentation annotations by th&&U __ prefix. As an gample, typical timer
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Figure 42. Structure of a de-instrumentor

declarations and timer start and stop calls werwshio Figure 35. Note that there

created inside a routine. Thus, the same timer syrftlialKigure 35) may be used in

different routines with diérent scope. The instrumentation specification produced by our
de-instrumentqmrecords both location and scope. Each location is a tuple comprised of the
source file name, thewo(or y co-ordinate) and the column number (or x co-ordinate) in

the source file. The properties of timers (the group to whighkibkong, name, symbol

and their scope) are stored separately in an instrumentation symbols file which is compiled
along with the de-instrumented source file. Entities in the symbols file are staitles

with global scope. Theare used as gmments for timer declarations and thus do not

interfere with ag optimizations in the compilefThe de-instrumentor replaces each
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instrumentation annotation with a blank line, retaining the original line numbering scheme

of the annotated source code.

The de-instrumentor for our prototype implementation consists of a compiler front
end phase that passes through the source to produce routine location information (routine
name andxdent of routine in terms of location of its starting and ending positionjagt w
convenient to use the front end from the optimizing compiler for this to maintain
compatibility in routine naming schemes. The routine information, along with the original
source code is fed to the instrumentation remhphase. In this phase, instrumentation
constructs are recognized and separated from the source code. Thisvisdawitie a
simple tolen parser based orxland yacc unix tools. Instrumentation annotations are then
combined with routine information to construct timer names with global scope; this is
done by appending the local name to its routine name (e.g., in our case,faiimer
routinef is calledf_ftin the global scope). This design permits the presence of multiple

timers within a routine as well as inf@ifent routines in the compilation unit.

5.3.1.2 Instrumentor

In our implementation, the instrumentor handles three timer instrumentation calls:
register start and stop timelt annotates the code list with appropriate calls and passes it

to the code generating back end.

Start and stop timer annotations around a section of code are interpreted by the

instrumentor to mean that all optimized instructions with source correspondences in the
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Instrument:
for each timer t
for each source range r of t
state = IMCTIVE; previous = null;
for each instruction i
if i belongs to r then
if state is IACTIVE then
allocate instrumentation to start t beforecaiting i
preious = i; state = ETIVE;
end if
if state is £TIVE then
preious = i;
end if
end if

if i does not belong to r then
if state is £TIVE then
allocate instrumentation to stop t aftexaiting preious
preious = null; state = INCTIVE;
end if
end if
end for
end for
end for

Figure 43. Algorithm for fine-grained source-level perfomrnace instrumente

delimited rgion of code are to be instrumented. This interpretation is tool-specific and
may \ary for different kinds of instrumentation. The algorithm we use here Brsho
Figure 43. The accurgof instrumentation produced by this algorithm depends on the
presence of complete sourcedemapping information for each instruction. €Wid not

have complete information as discussed in Section 5.3.4.)
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5.3.1.3 Back end

The back end caerts the instructions to assembly code which is passed to the
assemblerThe back end is responsible for interpreting the instrumentation annotations in
the code list, according to our prototype implementation. Each instruction in the code list
has an ordered list of timers associated with it. The properties of each timer include its
gualified name, operation (start or stop) and location (before or after the instruction
executes). The back endamines this list and generates instrumentation accordifgly
instrument the application, we used thstforeakpoint scheme proposed by Peessler
[58]. This scheme all@s us to implement i@-overhead breakpoints for performance
instrumentation. The prototype implemerdstfbreakpoints for the Sparc processor

which includes rgister windavs [115].

To plant a &st breakpoint before an instruction that calls a measurement library
routine, the scheme replaces the instruction with a branch instruction to the breakpoint. At
the breakpoint, stategisters are seed and the measurement routine is called. After it
executes, rgisters are restored and the replaced instructioxesuéed and normal
execution resumes, as described in [58]. Although storingxbeudion state normally
includes saing the floating point mgsters, sang them vould involve allocation of space
which is epensve. To avoid this, we &ploit the fact that our measurement routines do not

perform floating point operations and consequently we do metssa restore them.

This scheme is light weight as compared to unmelleéreakpoints that wolve the

use of a signal (SIGTRAP) andveaan @erhead of the order of milliseconds. Using our
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prototype, the werhead of a pair ofAU start and stop calls is just 2.&6icroseconds
(This cost vas determined by amortizinger ten million calls to a profiled routine and
includes both theAU overhead for profiling as well as thast breakpointwerhead as
obsered on a Sun Ultra@fRC-Ili processor running at 440 MHz under the Solaris 8

operating system.)

5.3.2 Perturbation Issues

Instrumentation can perturb the performance of an application. No mattéoo
the instrumentationv@rhead, the presence of instrumentation can change the
computation, creating@obe-efect[32]. Because of the small relatidifference between
the execution time of a code gment and the instrumentatiomeshead needed to measure
it, the fine-grained instrumentation that we support caadntfae greater impact on the
perturbation than pwous routine-based instrumentation. The pressure on tools to
generate fine-grained instrumentation conflicts with the pressure to redugertiead of
instrumentation, forcing tradefef Our approach ales the user to seleeély request
fine-grained instrumentation which willvea laver overhead than instrumenting all
statements. Walso preide access to thewsoverhead free running timers and hasdev
performance counters found on most microprocessors, further minimizing measurement
overhead. Such aybrid instrumentation approach, using both non-inisiardvare
measurement options and intressoftware-based instrumentation all® us to balance

the measuremenverhead. Haever, it is beyond the scope of thisawk to eliminate or
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compensate for thisverhead for parallel programs; that is best addressed by other
research in this area. Rreus work, for ekample, has produced techniques for

perturbation compensation in order to minimize the distortion of performance data
[72][73]. Although, we do not directly implement a perturbation compensation scheme in
our work, we belige the interice with the compiler will help to identify points where

there may be significant perturbatiofeets. This will be important for future perturbation

control techniques.

5.3.3 Results

The instrumentationveare compiler prototype generates accurate, fine-grained

measurements in the presence of aggresgtimizationsFigure 44 shas, for xample,

the code produced for the statements computing the aatiinkbofx, y andz from the

code preiously seen in Figure 35. Instrumentation calls were inserted to time the entire
routine as well as statement«d timers (in this case tovaluate the contrilttion of

evaluation ofx, y andz). Note that after entering routiméline 5), the control branches to

a fast breakpoint§B1_fat line 36) where the gesters are sad (line 38) and tavtimers

are created (lines 40-60)one for the routinéand another for the timér(calledf_ft here

as its scope is within routirfe The computation ofb-c) occurs at the breakpoiRB2_0

(line 75)afterthe timerft is started (line 73). Dashed an®in the figure she the path of
execution. The flar returns to the routine (line 15) ards computed (lines 17-22) by

multiplying (b-c) to a (line 20) and adding the resultadline 21). N&t, y is computed



.global f
.section “.tgt”
.align 4
.proc 4

f:
ba,a FB1_f
FB2 f:

st %i0,[%fp+68]
st %il,[%fp+72]
st %i2,[%fp+76]
st %i3,[%fp+80]

Id [%fp+72],%i5 FB1 O -
d [%fp+76],%i4

ba,a FB2

FB1_0: a*(b-c)

L2 \
set x,%i5 \
d [%fp+68],%i4 *(o

ld [%fp+68],%I7 ata (b C) \

x=a+a*(b-c) \
y=(b-c)*d

smul %IO,%I?,%F‘/
add %i4,%IV

st %id,[%i5]

set yi5
Id [%fp+80],%i4
smul %i4,%I0,%i

st %i4,[%:i5]
set x,%i5

Id [%i5],%i5
set yid

FB1 3: o*Z
smul %I0,5,%i

add %i5,6,%i0

nop; ba,a FB3_f

FB1_f:

nop

sae %sp,-96,%sp

set tautimer_f, %00
mov %00, %00

set tautimer_f_al, %ol
mor %01, %ol

set tautimer_f a2, %02
mov %02, %02

set tautimer_f_a3, %I0
Id [%I0], %03

mov %03, %03

call tau_profile_c_timer;

branch FB2_3

Id [%i4],%i/ \
a1 FBi_/FBl 3=

w=5*z+6 N

|

|
|
|
1

T o

\
\

49:
50:
51:
52:
53:
54.
55:
56:
57:
58:
59:
60:
61:
62:
63:
64
65:
66:
67:
68:

70:
71:
72:
73:
74.
75:
76:
77:
78:
79:
80:
81:
82:
83:
84.
85:
86:
87:
88:
89:
90:
91:
92:
93:
94.
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nop
set f_ft, %00

mov %00, %00

setf_ft_al, %ol

movr %01, %01

setf _ft_a2, %02

mov %02, %02

setf _ft_a3, %l0

Id [%I0], %03

mov %03, %03

call tau_profile_c_timer; .

nop

set tautimer_f, %I1 I

Id[%I11], %00 I

mov %00, %00 v

call tau_start_timer; nop .
restore; Fast Breakpoin

sae %sp,-104,%sp
ba,a FBZA_/
FB2_0:

sae %sp,-96,%sp
set f_ft, %l1 start()

1d[%I1], %00 (b-C)

mov %00, %0

call tau_start_timér; nop

restore: ranch FB1 (
sub %i5,%i4,%I0

ba,a FB1_ Z=Xty
FB2_3:

add %i5,%i4,% Op()

sae %sp,-96,%sp
setf_ft, %l1
1d[%I11], %00
mov %00, %00
call tau_stop_ti
restore;
ba,a FB1
FB3_f:
nop

sae %sp,-96,%sp

set tautimer_f, %l1
1d[%l1], %00

mov %00, %00

call tau_stop_timer; nop
restore;

ret; restore

branch FB1 !

er; no

Figure 44. Optimized code generated by the instrumentation-aware compile
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(lines 28-29) byre-using(b-c) and multiplying it withd (line 25). © computez, x andy
are loaded (lines 27-30) and thenfloranches to theaét breakpoint FB2_3 (line 31)
wherez is computed aé+y) (line 78) before stopping the timir(line 83) and returning
to the routine at labéiB1_3 This is folloved by computingv (lines 33-34) by
multiplying z with 5 (line 33) and adding the result@dqline 34). So, the timing dt
includes the computation &fy, andz and ecludes the computation of as the

instrumentation specifies; the time for compuiipg) is included in the measurement.

The assembly file, as shio in Figure 44 is then cwearted to binary code by the
assembletWhen the binary file is lirdd with measurement libraries aneeuted, it
generates performance data assshm Figure 45, sheing the time spent in the timer ft

(“Contribution of x, y and z [f()]).

5.3.4 Incomplete Source-ie Information

In order to accurately measure all code, an instrumentatianeacompiler needs
complete mappings from all generated instructions to the soweleBecause such
complete mappings were not needed forudging, thg were not gailable from the
FULLDOC compiler Specifically we needed additional information omgaments to
routines, jump instructions, routinevotations, and compiler generateatiables. V&
were able to get some of this information Bgmining the generated instructions that did
not map to the sourcevel. If such an instruction were the definition ofaaiable (def

point) created by the compildor example, the &riable vas probably a temporary that
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File Configure

Contribution of x,y and z [f()]

250%[  |mean
| 250% [ |n,c,t000

Functions
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s
82.50% [ main [] Contribution of x,y and z [()]
15.00% |1 Ll
2.50% [| Contribution of x,y and z [f()] B main
B -others-

Ztime msec  total msec #call #subrs  usec/call name

100.0 0.033 0.04 1 2 40 fEEEs
17.5 0.006 0.007 2 2 4 f
2.5 0,001 0,001 2 0 0 Contribution of x v and z [£()]

Figure 45. Performance data from an optimized program compiled with the
instrumentation-aware compiler

was used elsenere. In such a case, we enyad the compiles def-use analysis to

compute the set of instructions that use the temporary such that there is a path in the

control flav graph from the define point to the use that does not re-definaribble [2].

We then recursely computed the source location of all instructions in that set to form the

mapping. © include the mapping of routinevimcations and their guments, wexdended
the parser to record the needed routine agdnaent information in the instruction data
structure and ensured that all compiler routines subsequenylyleopontents of this data
structure as well.\th these techniques, we were able to imprthe coerage of our

mappings.
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TABLE 3: Mapping information for three benchmarks

SIMPLE NAS 2.31S  ZPL Jacobi
Total optimized instructions in codelist4637 3924 11074
Instructions missing source mappings1170 (25.2%) 837 (21.3%) 1778 (16%)
JUMP instructions 519 (6.8%) 383 (9.7%) 619 (5.5%)

Instructions with source mappings 3467 (74.8%) 3087 (78.7%) 9296 (84%)

To determine thexg¢ent of missing sourceatel mappings, we took three
benchmarks: the AS Parallel Benchmark 2.3 IS suite fromASA [6], the MPI \ersion of
the SIMPLE lydrodynamics benchmark from LLNL [67], and the Jacobi ZPL program
from University of Washington [68][21]. W ran each of these programs through our
prototype and calculated the number of optimized instructions in the codelist that were
missing source-ieel mappings. dble 3 shws that the percentage of instructions that did
not have source-leel mappings ranged from 25.2% for the SIMPLE benchmark to 16%
for the ZPL Jacobi benchmark. It also sisahe contribition of JUMP instructions to this
missing information. Thus, these benchmarksstimat 74% to 84% of optimized
instructions in these specific benchmarks had souved#®appings associated with them.
We beliere that this missing information isailable from the optimizer and we are

continuing our implementationfefts to produce it.

If for a particular implementation complete mappings are vatable, hovever, it
is possible for the instrumentor to initiate a dialogue with the user to help bridgepthe g
can shw the source code in thvcinity of the instrumentation request location, (Figure 46

shaws a portion of source code for the SIMPLE Benchmark) ang e available
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404  if (irecv) {

405 MPI_lIrecv(recwf,2,MPI_DOUBLE,src,tag,MPI_COMM_\WWRLD,
&recv_request);

406 }

407  if (isend) {

408 sendbf[0] = r[xlo+xdeltax][ylo+xdeltay];

409 sendlf[1] = z[xlo+xdeltax][ylo+xdeltay];

410 MPI_lsend(senath,2, MP1_DOUBLE,dst,tag, MPI_COMM_\WRLD,
&send_request);

411}

Figure 46. Source code of an MPI application

the user to specify the location in the optimized code list where an instrumentation call
should be inserted. While this approach goesreg the goal of transpargnef
instrumentation, it may beewy useful to the sophisticated user during the performance
experimentation process. The instrumentor might alaotwo initiate a dialogue with the
user in the case where it determines that the instrumentation request is not fearsible. F
example, in a messagedtorization optimization, seral small message communication
requests are replaced by one message communication that apperalsseall biffers in

a \ector and performs the communication request. If the user places fine-grained
instrumentation around one such message synchronization operation, and the
instrumentation in the optimized code can only account for the time for theyatggre
message operation, the instrumentor may classify the instrumentation request as infeasible
and communicate this to the usEne other alternate in this case may be to partition the
obsered lateng and/or bandwidth for the Ige message in terms of smaller messaggs, b

this could lead to erroneous results. Thus, there are some cases, when the instrumentor
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FUNCTION: reflect_boundary

LABEL 392:

OPT. $611=1 SRC:{ek-simple.c.tau.c, x=1, y=400}

OPT:. $610=myind&-numcols SRC:{ek-simple.c.tau.c, x=1, y=401}
LABEL 393:
LABEL 385:

OPT $613==01L411 SRC:{ek-simple.c.tau.c, x=8, y=404}
OPT: ARG recvhuff SRC:{ek-simple.c.tau.c, x=6, y=405}

OPT. ARG 2 SRC:{ek-simple.c.tau.c, x=6, y=405}
OPT. ARG 11 SRC:{ek-simple.c.tau.c, x=6, y=405}
OPT. ARG $612 SRC:{ek-simple.c.tau.c, x=6, y=405}
OPT. ARG $614 SRC:{ek-simple.c.tau.c, x=6, y=405}
OPT ARG 91 SRC:{ek-simple.c.tau.c, x=6, y=405}

OPT. ARG recv_request SRC:{ek-simple.c.tau.c, x=6, y=405}
OPT: CALL MPI_Irecv  SRC:{ek-simple.c.tau.c, x=15, y=405}
LABEL 411.:
LABEL 394:
OPT. $611 ==0L412 SRC:{ek-simple.c.tau.c, x=8, y=407}
OPT:. $609=ylo+xdeltay<<3 SRC:{ek-simple.c.tau.c, x=6, y=409} SRC:{ek-sim-
ple.c.tau.c, x=6, y=408}
OPT: $608=192*xlo+xdeltax SRC:{ek-simple.c.tau.c, x=6, y=409} SRC:{ek-sim-
ple.c.tau.c, x=6, y=408}
OPT: sendliff=r[$608][$609] SRC:{ek-simple.c.tau.c, x=6, y=408}
OPT: sendlff[8]=z[$608][$609] SRC:{ek-simple.c.tau.c, x=6, y=409}
OPT: ARG sendhff SRC:{ek-simple.c.tau.c, x=6, y=410}

OPT. ARG 2 SRC:{ek-simple.c.tau.c, x=6, y=410}
OPT ARG 11 SRC:{ek-simple.c.tau.c, x=6, y=410}
OPT. ARG $610 SRC:{ek-simple.c.tau.c, x=6, y=410}
OPT. ARG $614 SRC:{ek-simple.c.tau.c, x=6, y=410}
OPT. ARG 91 SRC:{ek-simple.c.tau.c, x=6, y=410}

OPT. ARG send_request SRC:{ek-simple.c.tau.c, x=6, y=410}
OPT. CALL MPI_Isend  SRC:{ek-simple.c.tau.c, x=15, y=410}

Figure 47. Mapping table for a small portion of the code

may choose to dgrthe instrumentation request and report the reasons for doing this to the

user

The notion of cooperation, in the form of a dialogue, between the compiler and the

user is not n@. It has been used irgtor compilers [138] andalPallelizing compilers [66]
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where a compiler reports on parts of the program that canndielsévedy vectorized or
transformed into concurrent codegyseents and the reasonsyihcannot do so. This

helps the user restructure the code and aelbetter performance.

5.4 Case Study: SuccessiProgram fansformations in ZPL

Some high leel languages such as ZPL or HPF are typically compiled in multiple
stages using successioptimizing transformations. A program written in ZPL, for
example, is coverted by the ZPL optimizing compiler to a C program, which is then
compiled and further optimized by the C compiknom there, ZPL programs are latk
with the runtime system libraries to produce a paraletetable image, as sho in
Figure 48. Instrumentationaare compilation will need to be applied in both compilers as
shawvn in Figure 49. Br this case studyve did not implement a fullersion of the
instrumentationsaare ZPL compiler and are thus limited to instrumenting each statement
in ZPL (that is, we do not ka a de-instrumentor/instrumentor thaiuhd allov selectve
measurements). The first transformation from ZPL to C produces mapping tables that
relate the optimized C code to the ZPL source code. Those mappings were originally
generated for the ZEE detpger [76]. Figure 50 sk the code for the ZPL Jacobi
benchmark. Figure 51 siws the mapping that relates the ZPL source lines (in column 1)
to corresponding C computation (in column 3); columns 2 (pre) and 4 (postitsho
extent of loops imolved in the computation of the ZPL statemeng hen instrumented

the C code, as st in Figure 52, manuallyising only the information generated by the
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< ZPL program )

ZPL compiler

Y

<optimized C code>

Optimizing compiler

Y

optimized binary
code

linker

Y

optimized
executable image

Figure 48. ZPL'’s compilation model

runtime system
libraries (MPI)

ZPL compiler for mapping. The hand instrumentation phase generates an instrumented C
program as shvn in Figure 53. W generate optimized code for it by compiling it with

our prototype C compilefhus, the original ZPL code undees two stages of

optimizations- one by the ZPL compiler and the other by the C compiler before

generating the instrumented code.

This process praded good ceerage for the source codeitlZPL uses a compte

runtime layer for achieng portability using both a portable laydronMan [22] that
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Figure 49. Multi-stage instrumentation-aware compilation in ZPL



17 procedure Jacobi();
18 begin
19 [R] A :=0.0; -- Initialization
20 [north of R] A :=0.0;
21 [eastof R] A:=0.0;
22 [westof R] A:=0.0;
23 [south of R] A :=1.0;
24
25 [R] repeat -- Body
26 émp = (A@north+A@east+A@west+A@south)/4
27 err ;= max<als(A-Temp);
28 A =eimp;
29 until err < delta;
30
31 [R] writeln(A);
32 end;
Figure 50. Source code of a ZPL program
ZPL C-pre C C-post
17 -1 -1 -1
18 70 67 74
19 91 88 95
20 112 109 116
21 133 130 137
22 154 151 158
23 -1 -1 -1
24 171 -1 -1
25 252 249 256
26 257 -1 -1
27 287 284 291
28 -1 -1 -1

125

Figure 51. Mapping Table from the ZPL compiler

targets diferent modes of intgorocess communication, and the MPI libraliy measure
time spent in the runtime system, we used the muiéHiestrumentation stragg

presented in Chapter IlloTtaget the contribtion of IronMan, we agn use the
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108 {

109 /* bgin MLOOP *** line 21 of jacobi.z */

110 for ((i0 = _REG_MYLO(_R_east_of R,0); i0<=
_REG_MYHI(_R_east_of R,0); i0 +=_REG_STRIDE(_R_east_of_R,0)) {

111 for (i1 =_REG_MYLO(_R_east_of R,1); il<=
_REG_MYHI(_R_east _of R,1); i1 +=_ REG_STRIDE(_R east of R,1)) {

112 (*((double *)_F ®CESS_2D(A,_i0,_i1))) = 0.0;

113 }

114 }

115 }

116  /* end MLOOP */
Figure 52. Optimized C program generated by the ZPL compiler

instrumentation-aare compiler; this time to instrument lronMan routinestaiget the
contritutions from MPI, we use the MPI Profiling intack, and generate a wrapper

interposition library to taget its instrumentation.

This multi-level instrumentation franveork taigets one common measurement
API, and streams of performance datavfioto one common performance data repository
to present a seamlessly igtated picture. The intextes cooperate with each other: MPI
wrapper library knars information about the rank of the MPI process and the compiler
based instrumentation intade uses this information to store data in appropriate files after
the top leel routine &its from the program. Figure 54 sh® a profile of the optimized
ZPL program. Note that ZPL program statements, sucfRs “ A:=0;” and “err :=
max<<fabs(A-€mp) are intgrated in the profile with the ZPL runtime system entities,

such as " SetupRgionWthDirections;, and MPI lesel entities, such asMiPl_Recv().

This ZPL case study stws us hav to apply multi-leel instrumentation for wider

coverage, and hw to integrate multiple cooperating instrumentation ireeds. It also
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#include “jacobi_ush”
void Jacobi() {

TAU_PFROFILE_TIMER(t19, “[R] A:=0.0",““ , AU_USER);
TAU_PROFILE_TIMER(t20, “[north of R] A:=0.0;", ““, RU_USER);
TAU_PROFILE_TIMER(t21, “[east of R] A:=0.0;",““,AU_USER);
TAU_PFROFILE_TIMER(t22, “[west of R] A :=0.0;", ““, AU_USER);
TAU_PROFILE_TIMER(t23, “[south of R] A:=1.0;", “*“, AU_USER);
TAU_PROFILE_TIMER(t25, “[R] repeat”, “ “ , AU_USER);
TAU_PROFILE_TIMER(t26, “Temp := (A@north+A@east+A@west+A@south)/
1.0;7, “*, TAU_USER);
TAU_PROFILE_TIMER(t27, “err := max<<dbs(A-femp);”, “ “, TAU_USER);
TAU_PROFILE_TIMER(t28, ‘A := Temp;”, ““, TAU_USER);
TAU_PROFILE_TIMER(t31, “[R] writeln(A);”, ““ , AU_USER);

{ /* bgin MLOOP *** line 21 of jacobi.z */

for (i0=_REG_MYLO(_R east of R,0); i0<=_REG_MYHI(_R_east of R
10 += _REG_STRIDE(_R_east_of R,0)) {
for (il=_REG_MYLO(_R_east of R,1); il <=
_REG_MYHI(_R_east_of R,1); i1 += REG_STRIDE(_R_east_of R,1)) {
TAU_PROFILE_START(t21);
(*((double *)_F_ACESS_2D(A,_i0,_i1))) = 0.0;
TAU_PROFILE_STOP(t21);
}

}
} /* end MLOOP */

Figure 53. Instrumented C code the ZPL application

shaws the viability of applying our instrumentation model to multiple stages of
optimizations from tw different compilers, cascaded to form an optimizextetable

with both fine-grained statement and coarse-grained routiaeifstrumentation.
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Figure 54. Performance data from the optimized ZPL program compiled by tl
instrumentation-aware compiler

5.5 Conclusions

Performance tools that limit the choices of instrumentation consequently limit
performance ploration. ypically, compilers don’support fine-grained instrumentation
because it can interfere with optimizations. In thiskywe deeloped a model for
instrumenting a program in the presence of compiler transformationsirglasers to

explore the performance characteristics of their code with much finer resolution. Rapidly
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evolving programming enronments that use vBrse languagexecution model,

compiler and runtime system technologies [13] often eniklifficult to perform gen
simple performancexperiments. W have illustrated here that it is possible to map data
from multiple levels of instrumentation back to the sourceslein order to present a

coherent, and unified weof an eecution.
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CHAPTER VI

CONCLUSIONS

Empirical performancevaluation is a process to characterize, understand and
improve a prograns performance based on the performance oaservof real systems.
Instrumentation is the heart of performance oletérm as it determines when, where, and
how performance measurement can be performed. In this dissertation, we address three of
the most gregious limitations of instrumentation and measuremenxistiag
performancewaluation tools: limitedecution coerage, lack of abstraction ofweevel

data, and the granularity of obsation.

Existing performance tools typically focus on just onel®f program
representation, introducing instrumentation at a single stage of program transformation,
from source to compilation toxecution, resulting ingps in coerage. The limited
obsenration scope becomes a serious problem in congilgronments where a
combination of languages, compilation models, multelsoftware optimization

stratgies, and runtime systems is usee pyresent

» a frameavork for multi-level instrumentation that supports multiple coagierg instru-

mentation interfaces for performance observation.
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Such a multi-leel stratgy is ultimately more pwerful than instrumentation strgies
based on singleVels of program focus. @/describe a performance obsdion
framework that simultaneously supports instrumentation at the source, preprpcessor
compiler library, runtime, and virtual machineviel. We shav the eficacgy of the multi-
level instrumentation approach through demonstrations of the\frarkén case studies
where sophisticated, irgeated performance wies are produced. These results indicate
that performance obsetion coverage can be impved when limitations of one
instrumentation el can be wvercome through kiwaledge sharing and support across

levels.

With better coerage comes an increased need to interpret performance data.
While a tool may generate a plethora afdevel performance data, that data does not
help the user understand the progaperformance at his/her conceptuakleunless it is
somehav corverted into meaningful performance kvledge. Measurement data must be

related back to the abstractions understood by the programimantroduce

» a performance mapping tecique called Semantic Entities, Attites, and Associa-
tions (SEAA) that allows us to brielghe semantic gap between thegoammers con-

ceptualizations and performance data.

SEAA adwances dynamic mappingork in several ways. First, it allavs semantic entities
to be created and used in mapping withowirgaexplicit relation to program constructs.
Second, it preides a vay to encode semantic information into entities for use in
qualifying mapping relationships. Third, it mides the link to dynamic performance cost

mapping based on semantic atitds. Our performance obsatwon framevork includes a
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a prototype of the SEAA performance mapping concept and weishapplication to

two case studies.

Flexibility of instrumentation allars for ekamining the performance of a program
to an arbitrary leel of detail. Fine-grained instrumentation at the sounsd,|bovever,
interacts with compiler optimizations: instrumentation may inhibit compiler
optimizations, and optimizations may corrupt measurement caglsh@ how to avoid

this by

» extending taditional compiles to instrumentation-awarcompiles that can peserve
the semantics of fine-@ned performance instrumentation despijgrassive pogram

restructuring

We also sha, with the help of a prototype implementationwhibie instrumentation-

aware compilation model can be applied to the compilation of higti-parallel

languages that require more than one compilation (and consequently optimization) phase.
With the help of a case study for ZPL compilation, we demonstratdéduvelevel

performance data can be mapped to higeerl ZPL statements using a multi4g

instrumentation stragy.

The models and techniques presented in this dissertation, lay the graknidmw
building an etensible, empirical performanceaduation infrastructure. Such an
infrastructure wuld allow the configuration of gerse performance obsation tools
within a framevork. 1t would support fine-grained instrumentation of source code despite

aggressie optimizations, and it @uld support multi-leel instrumentation, and the
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mapping of lav-level performance data to highwld abstractions. It auld provide
unprecedented Hability in empirical performance obseation to fully explore a

programsé performance space.
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APPENDIX

MAINTAINING SOURCE-LEVEL MAPPINGS

In Chapter Ywe describe h@ source-lgel mappings are used by the instrumentor
of an instrumentationveare compiler to track the contution of diferent fragments of
code. Mappings embed a cost model for associating the co®aiftmg instructions with
source-lgel entities. Here, with the help afamples, we describe Wwowve can correlate
execution costs and create mappings during statemezitdptimizations. W study a
variety of optimizations and shwhow to maintain correspondences between optimized
code and sourceyel information. Maintaining such correspondences is not hédas
been studiedx@ensvely in the contet of delugging optimized code [53] where mappings
relate statement instances between optimized and unoptimized code. Since a set of
transformations may be applied succeslyion a group of statements, it is important to

maintain the sourcestel mappings at each stage.

Terminolo

In the exkamples that folla,, we represent the unoptimized code on the left and

optimized code on the right. Unoptimized code statements are numbered setcassi
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U, Uy, etc. and optimized code statements are numbeye@etc. S(X) represents a
set of source locations of a statement X. Each source location is a tuple of the form
<filename, X, y> that represents the location of te(s9 and column (x) number in the
source file. W shav belov how we can maintain the set of source locations for an
optimized instruction for commonly applied optimizatione Wée optimizations as
described in [135].

1. Elimination of Global Common Sukpression: duplicatexpressions are eliminated

so that thegression is computed once [135].

Ul: x = a+b; O1: u = a+b;
U2:y = atb; 02: x=u;
O3y =u;

S(Op =S(U) U S(Uy)
S(G) =S(W)
S(G;) = S(W)

2. Copy Propagtion: replace the cgpof a \ariable with the originalariable [2][135].

Ul:x = a; Ol:x=a;
U2:y=x+5; O2:y=a+5;
S(Op =S(Uy)
S(O) =S(Uy)

3. Dead Code Elimination: remae statements that definalues for ariables that are not
used [135].

Ul: x =a;
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Since there is no optimized code;fCassigning source locations does not apply

here.

4. Constant blding: replace mathematicat@essions wolving constants with their

equvalent \alues [135].
Ul:x=3+05;

S(Q) =S(Uy

Ol1l: x=8;

5. Loop Circulation: interchange more tharotperfectly nested loops [135].

U1: for (i=0; i<N;i++)
U2: for (j=0; j <M; j++)
U3: for (k=0; k < P; k++)
U4:  Al[IK] = c;

S(Op = S(Wy)

S(OQ) =S(L)

S(G3) = S(Uy)

S(Oy) = S(WUy)

O1: for (k=0; k < P; k++)
02: for (j=0; ] < M; j++)
03:  for (i=0; i < N; i++)

04 A[IIGIK] = c;

6. Loop Invariant Code Motion: renve statements from within loops where computed

values do not change within the loop [135].

U1l: for (i=0; i<N;i++)
uz2: {

U3: x=g;

U4d: blij=a+i+3;

uUs: }

Ol: x=gc;

02: for (i=0;i<N;i++)
03: {

O4:. Dblij=a+i+3

O5: }



S(G) =S(Wy)
S(Q) =S(W)

S(Oy) = S(Wy)

7. Loop Fusion: combine loops with the same headers [135].

U1: for (i=0; i<N;i++)
u2: {

U3: afi]=i+2;

U4: }

U5: for (i = 0;i < N; i++)
U6: {

U7: bli]=3*i+2;

us: }

S(0p) = S(Up) O S(Uy)
S(Gy) = S(Wy)

S(Qy) = S(Uy)

O1:

02:

03:

O4:

O5:

for (i=0; i <N;i++)
{
afij=i+2;

bli]=3*i+2;

8. Loop Unrolling: duplicate the body of a loop [135].

U1: for (i=0; i<100; i++)
uz: {
U3: afij=i+54;

u4: }

S(G) =S(Wy)

O1:

02:

03:

04:

O5:

a[0] = 54;
for (i = 1; i < 100; i++)
{

afi] =i+ 54,

}

137
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S(Q) =S(Uy

S(Qy) = S(Wy)

This example illustrates h@ we can handle a one-to-nyamapping where one
statement of an unoptimized program maps to more than one statement in the optimized

code.

9. Strip Mining: modify loop to utilize hierarchical memory aotor architecture to

reduce cache misses [138][135].

U1: for (i=0; i<N;i++) O1: for (j=0;j<N;]j=j+S2)
u2: { 02: for (i =j, i < MIN(N, J+SZ-1); i++)
U3: afi]=i*3; 03: {
U4: bli] = a[i] + 5; 04: afi]=i*3;
Us: } 05:  bli] = a[i] + 5;
06: }
S(Op =S(W)
S(O) = S(W)
S(Oy) = S(Wy)
S(05) = S(Uy)

10.Loop Unswitching: modify a loop that contains an if statement to an if statement that
contains a loop [135].
U1: for (i=0; i<N;i++) O1l: if (k> 24)
u2: { 02: {

u3: if(k>24) 03: for(i=0;i<N;i++)



U4: {

U5s: afij=2*i+3;
ue: }

U7: else

us: {

uo: ali] = 2% - 4;
u10: }

ull:}

S(Op = S(W)
S(0p) = S(U)
S(Oy) = S(W)
S(01) = S(W)
S(09) = S(Uy)
S(O1 = S(W)
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0o4: {

05: a[ilj=2*i+3;
o6: }

o7: }

08: else

09: {

010: for (i=0;i<N;i++)
O11: {

012:  ali] = 2*i - 4;

013: }

11.Bumping: modify the loop iterations byimping the inde by a presetalue [135].

U1: for (i=-2; i< 98; i++)
u2: {

U3: afi]=i+ 54,

u4: }

S(G) =S(W)

O1: for (i=0;i<100; i++)
02: {
03: ai]j=i+54-2;

04: }
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S(G;) = S(Wy)

Thus, source mappings can be maintained during code transformations.
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