
IdentifyingandExploitingSpatialRegularity in DataMemoryReferences

TusharMohan1, BronisR. deSupinski2, SallyA. McKee3, FrankMueller4, Andy Yoo2, Martin Schulz3

1 LawrenceBerkeley NationalLaboratory
FutureTechnologiesGroup

Berkeley, CA 94720
TMohan@lbl.gov

2 LawrenceLivermoreNationalLaboratory
Centerfor AppliedScienti�c Computing

Livermore,CA 94551
f bronis,ayoog@llnl.gov

3 Schoolof ElectricalandComputerEngineering
CornellUniversity
Ithaca,NY 14853

f sam,schulzg@csl.cornell.edu

4 Departmentof ComputerScience
NorthCarolinaStateUniversity

Raleigh,NC 27695-7534
mueller@cs.ncsu.edu

Abstract

The growing processor/memoryperformancegap causesthe
performanceof many codes to be limited by memory ac-
cesses.If known to exist in anapplication,stridedmemoryac-
cessesforming streamscanbe targetedby optimizationssuch
as prefetching,relocation,remapping,and vector loads. Un-
detected,they canbe a signi�cant sourceof memorystalls in
loops. Existing stream-detectionmechanismseither require
specialhardware, which may not gatherstatisticsfor subse-
quentanalysis,or arelimited to compile-timedetectionof array
accessesin loops. Formally, little treatmenthasbeenaccorded
to thesubject;theconceptof locality fails to capturetheexis-
tenceof streamsin aprogram's memoryaccesses.

Thecontributionsof this paperareasfollows. First, we de-
�ne spatialregularity asameansto discussthepresenceandef-
fectsof streams.Second,wedevelopmeasuresto quantifyspa-
tial regularity, andwedesignandimplementanon-line,parallel
algorithmto detectstreams— andhenceregularity — in run-
ning applications.Third, we useexamplesfrom realcodesand
commonbenchmarksto illustratehow derivedstreamstatistics
canbeusedto guidetheapplicationof pro�le-drivenoptimiza-
tions.Overall,wedemonstratethebene�tsof ournovel regular-
ity metricasa low-costinstrumentto detectpotentialfor code
optimizationsaffectingmemoryperformance.
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1 Intr oduction

Processorspeedshave increasedmuch faster than memory
speeds,andthedisparitypreventsmany applicationsfrom mak-
ing effective use of the immensecomputingpower of mod-
ern microprocessors.A variety of approacheshave beenused
to improve the memoryperformanceof scienti�c codes[12];
we survey but a few of these,sincethey are too numerousto
list here. Which optimizationsapply to a given codedepend
highly on the memoryaccesscharacteristicsof that code. For
instance,stencilcomputationssuchasiterative3D PDEsolvers
oftenbene�t from tiling optimizations[16, 17, 20]. Likewise,
adaptive meshgenerationcodesfrom computational�uid dy-
namicsandN-bodysolversfrom astrophysicsor moleculardy-
namicsoftenbene�t from scatter/gatheroperationsandaddress
remapping[6] or from codeand datarestructuringoptimiza-
tions[9, 13, 5, 8].

Most high-performancecode optimizationsattemptto ex-
ploit locality of reference. Indeed,the conceptsof spatialand
temporallocality have beenwell understoodfor decades.Un-
fortunately, currentnotionsof locality arelimited to references
with proximateor repeatingaccesses,andcannotcapturethe
existenceof other patterns. On the other hand,modernpro-
cessorarchitecturesandmemorysubsystemscanexploit many
of theseotherpatterns,with streams(successive memoryref-
erenceswith a constantdifferencein address)being the most
common. For instance,the Power3 processorcan detectand
prefetchstridedaccessesat a cache-linegranularity[15]. The
Impulsememorysystem[6] can prefetchand gatherstreams
within thecontroller, shippingdensecachelinesto theproces-
sor's cachehierarchy. To betterunderstandand improve the
performanceof codeson sucharchitectures,it is usefulto ex-
tendtheconceptof locality to includestridedpatterns(asa �rst
step— certainly, thereexist otherkinds of patternsthat could
be describedandexploited, but they arebeyond the scopeof
this paper).We de�ne spatial regularity asthe likelihoodthat
a memoryaccesswill form or continuea stridedsequence. In
Section2.1wedevelopametricto quantifyspatialregularity.



Thescopefor applyingmany optimizationsis intimatelyre-
latedto thepresence(or absence)of streamsin anapplication.
To a �rst-order approximation,spatially regular or streamed
computationsareamenableto a onesetof optimizations,and
“irregular” applicationsto another. Poor cacheperformance
for applicationsin the former classresultsprimarily from one
or more of: self/mutualinterferencecausingcon�ict misses
amonglong streams,large-stridestreamscausingcompulsory
andcapacitymisses,andlong streamscausingcapacitymisses
by overrunningthecacheor TLB.

Irregular applications(or irregular portionsof applications)
exhibit no obvious patternsin their useof memory. For in-
stance,this behavior couldarisefrom usinganindirectionvec-
tor (IV) to accessmemory. Suchapplicationsgenerallyhave
largememoryfootprintsandmakepooruseof cache.Many ap-
plicationsin �uid andmoleculardynamicsfall in this class,for
instance.We have developeda tool that allows us to broadly
classifyapplications(or codesections)into two categories—
regularandirregular— on thebasisof their regularity metric.
We target the two categorieswith differentoptimizations.We
considertiling, sequentialandstreamprefetching,copying and
remapping,layoutchangesandlooptransformationsfor regular
applications.For irregularapplicationsweconsiderprefetching
theindirectionvector/pointer, softwareprefetchingandcodere-
structuring. We re�ne our candidateset of optimizationsby
consideringotherstreamcharacteristics,suchascounts,lengths
andstrides.

The rest of this paperis organizedas follows. In the next
sectionwe developtheconceptof spatialregularity, andde�ne
a metric to quantify it. In the following section,we discuss
how themetric,alongwith otherrelevantstreamstatistics,can
guideselectingoptimizations.In Section3, we presentour on-
line streamdetectionalgorithm. In Section4, we discussour
streamdetectionframework, andtheuseof PAPI andDyninst
therein. Next, in Section5, we presentregularity datafor real
applicationsandcommonbenchmarks,andwe discussspeci�c
optimizations.Finally, wediscussrelatedandfuturework.

2 Regularity

The principle of locality is well known andrecognizedfor its
importancein determiningapplicationmemoryperformance.
Traditionally, it is consideredto have two primarycomponents.
A classicde�nition of theseis found in Hennessey andPatter-
son's computerarchitecturetext [14]:

² Temporal locality (locality in time) – If an item is refer-
enced,it will tendto bereferencedagainsoon.

² Spatial locality (locality in space)– If an item is refer-
enced,nearbyitemswill tendto bereferencedsoon.

Unfortunately, theseconceptsandtheir measuresalonearein-
suf�cient to describeall thekey applicationpropertiesthat in-
telligentmemorysystemscanexploit. Considerthe following
codefragmentfor amatrix transpose:

double A[N][N], B[N][N];
int i, j;

for (i=0; i<N; i++)
for (j=0; j<N; j++)

A[i][j] = B[j][i];

With arow-majorlayout,successive iterationsof theinnerloop
accesscontiguouselementsof A. This patternexhibits high
spatial locality, and will thereforebene�t from caching. For
sucha case,locality measuresprovide an accurateassessment
of performancegainsasa resultof cachingandprefetchingon
traditionalcontrollers.

In contrast,all accessesto B are separatedin memoryby
(N ¡ 1) elements.This sequenceexhibits poorspatiallocality
(with respectto B ) andleadsto low cacheutilization. Ontradi-
tional prefetchingsystems,few (if any) performancegainscan
be expectedthroughdataprefetchesof B 's elements.Despite
this lack of locality, however, a very predictablepatternexists
for B 's accesses.This can be exploited by smartermemory
subsystemsthatdetectlarge-stridedstreams(in thiscasetheac-
cessesto B ), prefetchsuccessivestreamelements,andpossibly
sendthemto the processorin densecacheblocks[1, 10, 19].
Locality metrics do not give an accuratedepiction of appli-
cation performancein the presenceof suchmemorysubsys-
tems. Streamsare commonin many applications,including
compressionandarchiving, �le I/O utilities, imageprocessing,
string manipulationroutines,and partial differential equation
solvers[4].

In order to describetheseadditionalaccesscharacteristics,
we extendtheprincipleof locality to regularity. As with local-
ity, regularity canbebrokeninto two components:

² Temporal regularity (regularity in time) – If a sequence
of itemsis referenced,the entiresequenceis likely to be
referencedagainsoon.

² Spatial regularity (regularity in space)– If referenced
itemsform astridedsequence(stream),itemsthatcontinue
thesequencewill tendto bereferencedsoon.

Temporal regularity simply extends temporal locality to se-
quencesof items – with no relationshipneededbetweenele-
mentsformingasequence.It reducesto temporallocality when
the sequenceconsistsof a single item. Spatialregularity re-
quiresa linear relationshipbetweentheaccessesforming a se-
quence. It reducesto a specialcaseof spatial locality when
thestrideis small.Mostcomputerarchitecturefeaturesthatex-
ploit regularity bene�t programsthatexhibit spatialregularity.
However, compiler-basedapproachesfor exploiting temporal
regularity have beenidenti�ed [7], and we expect that other,
hardware-basedtechniqueswill emergeastheprincipleof reg-
ularity becomesbetterunderstood.In this paper, we focuson
detectingandexploiting spatialregularity.

2.1 Spatial Regularity Metric

Regularsequences,or streams,arepreciselyarithmeticprogres-
sions,de�ned as:

xn = xn ¡ 1 + c

wherec is a constantandxn is thenth referencein theregular
sequence.The following metric can be usedto quantify the
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spatialregularityof anapplication(or codesection):

Rspatial =
P

j si j
N

wherej si j is thelengthof thei th sequenceandN is thetotal
numberof references.Effectively, themetric is the fractionof
all referencesthatbelongto somestream.Sincewedonotallow
a referenceto beincludedin morethanonesequence,themet-
ric is a positive numbernot greaterthanunity. Higher metric
valuesimply greaterspatialregularity. Theexamplecodeseg-
mentabove exhibits high regularity: eachmemoryreferencein
thecodesegmentbelongsto astream.Consequently, themetric
for thecodeis exactlyone.

The regularity metric allows us to classifyapplicationsinto
two broadcategories: regular and irregular. This classi�ca-
tion is useful in that applicableoptimizationsare often dif-
ferent for regular and irregular codes: the former bene�t
from stream/sequentialprefetching,loop transformations,lay-
out changes,and streamcopying and remapping;while the
latter are aided by software prefetching,code restructuring,
andscatter/gatheroptimizations.Our experienceindicatesthat
applicationswidely considered“regular” have a metric value
greaterthan 0.80, while irregular codeshave a metric value
lessthan0.65.We suggestandimplementoptimizationspartly
basedon this classi�cation. It is very possiblethatsomeappli-
cationswill have a metric in betweenthesevalues;in thatcase
otherstreamstatisticsmayhighlight thenatureof theapplica-
tion (regularor irregular).

2.2 StreamStatistics

Most real programscontain thousandsof streamsof varying
lengths,stridesand startingaddresses.To further the under-
standingof the memorybehavior of applicationsin the pres-
enceof suchstreams,we introduceadditionalimportantstream
statistics.

Mean StreamLength: The meanlengthof streamsquali�es
theregularityof applications,sincelongstreamsareeasier
to optimizefor effectivecacheuse.Potentialoptimizations
includeprefetching,remapping,creatingsuper-pages,and
blocking(seemgrid , swim, andsu2cor in “Results”).
Standarddeviation in streamlengthis a worthwhilecom-
panionmeasure,indicating the signi�cance of the mean
in depictingstreamlength information. Irregular appli-
cationsoften have high variancein streamlengths(see
umt98 andCGin “Results”). This varianceoften arises
from long streamsexisting in theform of indirectionvec-
tors andshortstreamsoccurringon the indirect accesses
throughthesevectors.

Mean StreamStride: Streamswith low stride often enjoy
fewer compulsorymisses,since successive streamele-
ments in the sameor next prefetchedline. Reducing
streamstridethroughcopying, remapping,andadditional
prefetching(apartfrom theusualoneline aheadsequential
hardwareprefetch)arewaysto improve cacheuse.

AggregateStreamCounts: Many real codes have stream
countsin the thousands,but their smallerfunctionsoften
have few streams(< 10). Aggregate streamcountscan
helpselectpossibleoptimizations:regularcodeswith few
streamsandpoorcacheperformancecanbene�t from ar-
ray paddingand coderestructuringoptimizations,while
having many long streamsmaysuggestanentirelydiffer-
ent optimization,suchas tiling. Our tool gatherscounts
of streamlengths,makingit possibleto answerquestions
such as “How many streamsgreater than a particular
lengthare detected?”. We usethis informationto perform
acode-restructuringoptimizationin gzip .

Interleave Statistics: Measuressuchasthenumberof streams
with a certainfraction of elementsin a temporallyinter-
leaved patterncan help determinemore preciselywhen
andhow a streamoccursin context of the program. We
thereforeimplementanalgorithmto detecttemporalinter-
leaving informationof streams.Consider:

for (i=0; i< N; i++) {
A[i] = B[i] + C[i]; }

Assumingi is in a register, every third memoryaccessis
to thesamestream.

2.3 Exploiting Streams

Optimizingcompilersautomaticallyapplyavarietyof loopand
other high-ordertransformationsat high optimization levels.
Occasionally, however, a sourcemodi�cation or compiler di-
rective is necessaryto enablethe applicationof certainopti-
mizationsthat might otherwisenot be permissible/identi�ed.
For instance,tiling optimizationsrequirea loop interchange,
which maybeillegal until thecodeis suitablymodi�ed. Com-
piler �ags anddirectivesdrive certaincompileroptimizations
andpermitmoreaggressiveusesof existingones.For instance,
the MIPS compileracceptsdirectives for aggressive prefetch-
ing, inner loop �ssion, andunrolling [21]. Indisputably, a pro-
grammer'sunderstandingof theneedfor acertainoptimization
canaid in its use.Streamsandstreamcharacteristicsdiscussed
in Section2.2receive specialmerit, for they:

² often contribute to the bulk of memoryaccessesin loops
of regularcodes;

² are easier to optimize for, since their strided patterns
makes their interactionwith the memoryhierarchy pre-
dictable;and

² canoftenbetreatedasaunit for purposessuchasdataand
computationrestructuring.

In Table1 we relatestreamstatisticsandthe regularity metric
to potentialoptimizations.Weprovidehereanintuition into the
relationshipfor onesuchoptimization:tiling.

Loop tiling is a combinationof strip mining andloop inter-
change.It reducescapacityandcon�ict missesby dividing the
iterationspaceinto tiles and transformingthe loop nestto it-
erateover them[27]. By de�nition, a codethat bene�ts from
tiling hasmultiple nestedloopsanda working set larger than
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thecachehierarchy. Thememoryaccessesareoftenstreamed,
sincethey result from array accessesin nestedloops. Tiling
candidatecodesectionswill thereforehavehighregularity, with
numerouslong streams.Table1 presentssimpli�ed numbers
for theseadjectives– “high” (regularity), “long”, and“many”
(streams).Wegeneratedtheseguidelinesfrom empiricalresults
for applicationsonthePower3.These“rulesof thumb”attempt
to provide a empiricalsubstitutefor a complex algebraicanal-
ysis that relatesarchitecturalparameters,suchas cache/TLB
sizes,to streamstatistics. Section5 presentsstreamdatafor
popularcodes.In somecasesthe dataleadsto new optimiza-
tions,andin othersit af�rms theapplicabilityof optimizations
known to improve thecode's performance.

Optimization Characteristics Code
prefetching long streams (100+) with short/moderate

strides(< 10)
gzip,
swim,
mgrid

tiling many (10k+) long streams(100+ elements),
somewith large strides(10+); many scalar
streams

mgrid,
swim,
su2cor,
matmult,
3D Jacobi

loop �ssion many short streams; many scalar streams
from register pressure; interleaved long
streams

su2cor

loop fusion longstreamswith repetition
loop inter-
change

very largestrides(32+) FT (3D
FFT)

datalayout few, long (100+) streamswith short strides
(< 8); highcachemiss-rates

swim,
su2cor

copying,
stream
remapping

longstreams(100+)with largestrides(32+) FT, BT,
matmult

super-
paging

long streams,spanningmany pages(10+);
TLB missesandpagefaults

gzip

loop un-
rolling

many scalarstreamsdueto registerpressure

coderestruc-
turing

a few long streamswith short stride (< 8);
highcache/TLBmissrates

gzip,
su2cor

scatter/gather
using indi-
rection
vector(IV)

irregular(< 0.6) umt98,
CG

Table1: Optimizing(ir)regularapplications

3 Algorithm to detectstreams

To measurespatial regularity and to classify codesusing the
metricsandstatisticsintroducedabove, we have developedan
ef�cient algorithmto detectstreamsby analyzinga program's
loadsandstoresas they areexecuted. We performan online
analysis,thusavoidingthespaceandtimecomplexity of archiv-
ing traceson auxiliary storage.We allow streamsto be inter-
leaved with eachotherandwith non-streamreferences.This
enablesusto identify streamsin thepresenceof otheraccesses.
However, constraintsonspacerequireusto periodicallydiscard
older tracedatato make room for new references.This aging
preventsthedetectionof streamsinterspersedwith alargenum-
berof interveningaccesses1.

Thealgorithmusestwo maindatastructures:

1However, onceastreamhasbeenidenti�ed, weareno longerforcedto age
it for spacelimitations,astheentirestreamis compactlyrepresented.

     WHILE new reference exists DO
       Modulo-increment col; /* move window */
       /* Add reference to pool */
       pool[0][col] := new reference;
       IF reference extends stream IN stream table  
       (perform a hash lookup to check), THEN
         Update length of stream in stream table;
         Mark column in pool (shaded in example)
       ELSE
         /* Compute differences between new element and previous ones */
         FOR i := 1 TO (window size - 1) DO
           IF (col >= i), THEN
             c = col - i;
           ELSE 
             c = col+w -i ;
           END IF;
           pool[i][col] := pool[0][col] - pool[0][c];
         END FOR;

         /* Search for streams of minimum length 3 */
         found := FALSE;
         FOR i := 1 TO (window size - 1) DO
           IF (col >= i), THEN
             c = col - i;
           ELSE 
             c = col+w -i ;
           END IF;
           IF column c is already marked, THEN
             continue;
           END IF;
           FOR k := 1 TO (window size - 1) DO
             IF pool[i][col] == pool[k][c] THEN
               found = TRUE;
             END IF;
           UNTIL found;
         UNTIL found;

         IF found THEN
           Enter stream in stream table;
           Mark corresponding columns in pool (shaded in example);
         END IF;
      END IF;
    END WHILE;

Figure1: On-linealgorithmto detectstreams

StreamTable: The streamtablecontainsa compactdescrip-
tion of streamsthathave alreadybeendetected.Thetable
is storedasachainedhash,with theexpectedsuccessorto
thestreamservingasthehashkey. Eachnodein thetable
is a triple consistingof thestart address , length ,
andstride of thestream.In addition,we storetheage
of thelaststreamelementin orderto facilitateaging.

Pool: The pool containsrecentreferencesthat have not yet
beendetectedto be part of a stream. As new addresses
arereferenced,thiswindow of activeaddressesexpandsto
�ll thestoragestructureof thepool. Once�lled, theaddi-
tion of eachnew referencecausesanearlierreferenceto be
discardedfrom thepoolafterascanfor streams,cyclically
rotating the active window throughthe Poole's physical
storagestructure.In determiningtheexistenceof streams,
elementsof which maybeseparatedby arbitrarynumbers
of interveningaccesses,differencesbetweenelementsof
thepool arecomputed.To reducethecomputationalcom-
plexity in repeatedlydeterminingthedifferencesbetween
existingelementsasnew elementsareadded,westoreaset
of differenceswith eachreferencein thepool. Given this
poolstructure,detectingstreamsbecomesamatterof �nd-
ing a sequenceof elementssuchthat the differencesbe-
tweensuccessive elementsmatch.In our implementation,
thepool is organizedasastaticallyallocated,w £ w, two-
dimensionalarray, wherew is thewindow size(acompile-
timeconstant).

Multithreadedprogramscaneasilyemploy ourstreamdetec-
tion algorithm. A uniquethreadrunningthis algorithm– and
maintainingits own streamtableandpool – canbe dedicated
to receiving theaccessesof a singlethreadin theinstrumented
application. By maintainingseparatedatastructuresin each
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Figure2: Snapshotof thereservationpool

thread,thedetectionof streamsacrossapplicationthreadsis not
possible.Thisis desirable,sincemostarchitecturalfeaturesthat
exploit streamsuseprocessor-speci�c caches,andcannottake
advantageof cross-threadspatialregularity. Anotherbene�t of
thread-speci�cdatastructuresis that it allows our algorithmto
ef�ciently scalefor parallelapplications.An ancillarybene�t of
thisstreamdetectionprocessis thatit canbeleveragedto quan-
tify temporallocality, which correspondsto streamswith zero
stride.Thealgorithm,omitting thedetailsof agingandwithout
distinguishingbetweenaccesstypes,is presentedin Figure1.
We illustratetheapplicationof our algorithmon thefollowing
highly regular sequenceof accesses,wherewe do not distin-
guishbetweenaccesstypesfor simplicity:

100, 211, 100; 100, 212, 100; 100, 213,
100; 100, 214, 100; : : :

The pool can be viewed as a table as shown in Figure 2,
whichdepictsasnapshotof thepoolafterencounteringthe�rst
eight references.The headerrow shows the referencedloca-
tions. Eachcolumncontainsthe differencebetweenthe value
in thecurrentcolumnheaderandthevaluein a precedingcol-
umn (see“Computedifferences”in Figure1). The particular
elementusedfor calculatingthedifferencedependson therow
for which thedifferenceis to becomputed.The �rst row (be-
low the header)consistsof the differencebetweenan element
andits immediatepredecessor(distance¡ 1), indicatedby the
upperarrow. The secondrow consistsof differencesbetween
an elementandits penultimatepredecessor(distance¡ 2). To
capturestreamswithin a window sizew, we needonly com-
pute the differencesabove the diagonalof the pool table. In
our implementationwe effectivelydoublethe window sizeby
computingdifferencesbelow the diagonalas well. Elements
determinedto bepartof astrideareremovedfrom thetable.In
the exampleabove, on seeingthe third 100 (assuminga min-
imum lengthof three),we identify a streamby observingthe
two correspondingdifferencesof 0 (circled)in atransitiverela-
tionship. Consequently, we inserta streamof <100,3,0> in
thestreamtable.Thecolumnscontainingthesestreamelements
aremarkedandarenotusedin futurescanningfor streams(un-
til theelementsage). We keepthesemarkedslots(ratherthan
�lling themwith new elementsimmediately)to maintainacon-
sistentwindow size.Themarkedcolumnsareshown shadedin
the �gure. The later 100s areimmediatelyobserved (by way
of a hashlookup)to belongto thestream,andthestream�elds
aremodi�ed to <100,5,0> on receiving the �fth 100 . On
seeing213 , a new streamis identi�ed by observingan identi-

cal differenceof 1 (circled) for the transitive relationbetween
211,212and213.At thispoint,<211,3,1> is insertedin the
streamtable,andthecolumnsfor theseelementsaremarkedto
indicatetheir non-participationin furtherstreamdetection.

Althoughnot mentionedin the outline of the algorithm,we
implicitly assumethatsequencesmusthave a minimumlength
to qualify asstreams;thealgorithmin Figure1 andtheexample
discussedassumeda minimum lengthof three. The valueof
metricscomputedon streamsis dependenton this parameter.
Theworstcasecomplexity of thealgorithmis:

C = O(N £ (k + (1 ¡ Rspatial ) £ w2)))

N is the total numberof references,w is the window size,k
is thenumberof streamsdetected, andRspatial is theobserved
regularity metric. The quadraticdependenceon w – the win-
dow size– arisesfrom scanningthepool for streamsonadding
a new reference.In regular codesa majority of the references
belongto somestream,andrequireno pool scanning,merely
a hashlookup. The hashlookup is boundedin the worst case
by anN £ k complexity (wherek arethenumberof streams),
andin practicehasa far lower constantthank, sincemostref-
erencesextendarecentlymodi�ed stream,which liesat thebe-
ginningof thehashchain. This analysisexplainstheparadox,
whereincreasingwindow size(w) reducestheoverheadfor cer-
tain stencilcodes.Theexplanationlies in thesharpincreasein
theobservedregularitymetric(Rspatial ) resultingfrom streams
with successive elementswidely separated,now �tting in the
largerpool,andhencegettingidenti�ed assuch.

4 Dynamic StreamDetectionTool

`

Binary

dsd
Stream

detection
process

Thread 1 Thread 2

Thread 1

Thread 2

Control Pipe Data
Pipe

Mutator

Dyninst

Control
channel

Insert call __instr__

Start/stop signalsvoid __instr__(packet*p) {
  // is it a function entry/exit?
 // if YES,
     // send function name/id
     //   to control pipe
     // pause and read PAPI
     // send PAPI data to data
     //   pipe
 // else (it is a load/store)
    // send address, bytes,
    //   access type to data pipe
}

libldst.a

dynamically load

Figure3: Streamdetectionframework

Figure3 showsthesetupfor ourstreamdetectiontool. It con-
sistsof threecomponents:dsd, mutator andthebinary to
be instrumented.The mutator is a genericapplicationthat
usesthe Dyninst library to instrumentthe binary of interest.
Theinstrumentationis usedto introducehardwareperformance
monitoringat function entry/exits andto handleload/storein-
formationatmemoryaccesses.

We have written a single function, instr , to handle
both scenarios— the argumentsdeterminethe context. The
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mutator can be con�gured to instrumentspeci�c functions
and modulesrather than the whole binary. Once the binary
hasbeensuccessfullyinstrumented,themutator startsdsd ,
the streamdetectionmodule. The mutator passescontrol
information — suchas its processID, and the functions in-
strumentedand their ids — to dsd using the control chan-
nel (shown by thebi-directionalarrow betweenthemutator
anddsd ). Themutator thenstartsthe instrumentedbinary.
The�rst time instr is called,it setsup one-way dataand
controlpipesbetweenitself (the instrumentedapplication)and
dsd . The control pipescarry informationaboutfunction en-
try/exits, while thedatapipesareusedto passmemoryaccess
informationandcountervaluesobtainedfrom PAPI calls.2 Sub-
sequentcallsto instr passhardwareperformancecounter
valuesor memoryaccessinformation(type,address,andnum-
berof bytes)to dsd . Thekernelautomaticallyblockstheappli-
cationwhenthedatapipe�lls up,sincedsd usuallyprocesses
dataslower thanit is generated.If a stop-samplingcondition
for a particularfunction is reached(e.g.,a limit on numberof
samples),dsd signalsthemutator throughthecontrolchan-
nel. Themutator pausestheapplication,deletestheinserted
snippetsfrom thefunction,andresumestheapplication.

The usermay not know which are the performance-critical
codesections,andcanuseour tool to dynamicallyinstrument
all (or some)of thefunctionswith PAPI callsto �rst determine
low-level performancestatistics,such as memory load/store
counts,cache/TLBmissesand �oating-point operations.The
list of functions in various modulescan be determinedus-
ing a probefeatureof Dyninst, and requiresno sourcecode.
In this simple form, our tool provides portableand dynamic
function-level performancestatistics.Oncethefunctionsof in-
terestareknown, their memoryaccessescanbe instrumented
(again, dynamically),to obtainregularity andstreamstatistics
at a function-level granularity. We provide a numberof differ-
entsamplingmodesto accommodatedifferingneeds:

Complete: Thechosenfunctionsaresampledfor anentireap-
plicationrun.

Max samples: An upper limit is provided on the numberof
samplesof the function(s). After the requisitenumberof
samples,the instrumentationis removed. This is usefulif
many callsaremadeto thefunction(s).

Periodic sampling: A sampleperiodandan inter-samplein-
terval is provided for long-runningfunctions. During the
inter-sampleinterval, all instrumentationis disabled.

Convergencesampling: A user-prescribedvalue is speci�ed
suchthat samplingcontinuesuntil the fractional change
betweenmeasuresfrom successive samplesfalls below
that threshold. This methodis useful for functionswith
varyingbehavior betweensuccessive calls.

Thestreamdetectionprogram— dsd — canwork alongside
compiler-implementedstaticmemoryaccessmechanisms,too.
The PortlandGroup's compilerscan instrumentmemoryac-
cesseswhengivenacommand-lineoption[24]. Wehave lever-
agedour tool to performstreamdetection(andregularity mea-

2Actually, wemultiplex thetwo information�o wsoverasinglechannelfor
ef�ciency andsynchronizationreasons.

surements)onapplicationsinstrumentedby thesecompilers.A
signi�cant limitation of any staticinstrumentationapproachis
its high run-timeoverhead,sincethe instrumentationremains
in placefor theentireapplicationrun. Our instrumentationvia
Dyninst allows function-level regularity pro�ling. However,
the usercan determinestreamand regularity information for
arbitrary codesectionsby manuallyinsertingsentinelcalls to

instr . Suchatechniquecanhelpdetermineregularityand
streaminformationin speci�c loops.

Overheadis animportantissuefor any approachthat instru-
mentsthe code/binary. IncorporatingDyninst's ability to dis-
able, insert,andremove instrumentationat run time givesthe
user more control over instrumentationoverheadcosts. For
mostresultsmentionedin Section5, theoverheadfactoris be-
tween50 and500. Nevertheless,theoverheaddependson the
extentanddurationof instrumentationappliedby theuser, and
mayvarywidely.

For implementingpro�le-driven optimizations,our frame-
work is bestappliedto applicationswhosememoryaccesspat-
ternsdo not changesigni�cantly with different input datasets.
Unlike compile-timeanalysistechniques,in which regularity
measurementscan be predicatedon symbolic constants[23],
ourmeasurementsarefor actualruns.If our tool is usedto im-
plementdynamicoptimizations,thenthisneedfor atypicalpro-
�le is removed.Our framework canbeusedef�ciently for mul-
tithreadedapplications:dsd canbecon�guredto usepThreads
or OpenMPfor parallelization.Notethat thecurrentreleaseof
theDyninstlibrary is notmultithread-safe,but theforthcoming
releaseis expectedto be. In the meantime,we have applied
our streamdetectionprocessto compiler-instrumentedparallel
applications,obtainingmeaningfulresults.

5 Results

This sectionpresentsregularity metricsobtainedwith our tool
anddiscusseshow thesemetricsguideapplicationoptimization.
Theprimaryplatform for the regularity andPAPI resultsis an
RS/6000SPrunningAIX 4.3on Power3processors.We usea
singleprocessorfor all experimentalresultspresentedhere.The
CandFORTRAN compilersxlc andxlf , versions5.0.2.2and
7.1.0.1,respectively, areusedwith optimization�ag -O2 , un-
lessotherwisestated.We usea MIPS R10000/IRIX6.5system
to implementanoptimizationin gzip .

We apply our tool to three real applications (gzip,
umt98 , and smg2000), numerous benchmarks(SPEC:
mgrid, swim, su2cor; NAS/NPB: FT, BT, CG),
anda couplekernels(3-D Jacobianddensematrix multiply).
gzip is the GNU �le compressionutility. umt98 and
smg2000 are part of the ASCI Purple benchmarksuite.
umt98 is an irregular meshtransportcodewith poor mem-
ory performanceand substantialuse of indirection vectors;
smg2000 is a semi-coarseningmultigrid solver. mgrid and
swim are stencil codesthat bene�t from tiling and stream
prefetching [25]. su2cor applies a Monte-Carlo method
to compute the massesof elementaryparticles using the
Quark-Gluontheory;it is known to bene�t from inter-variable
padding[26]. FT is a 3D FastFourier Transformbenchmark
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known to bene�t from copying array transpositions[3]. BT
solvesmultiple, independentsystemsof non-diagonallydomi-
nant,block tridiagonalequations;it bene�ts from blockingand
copying/remapping.CGis a conjugategradientsparsematrix
inversioncodethat is aidedby scatter/gatheroptimizationsat
thememorycontroller[6].

Our resultsarepromising:for gzip we uncover andimple-
menttwo optimizationsthat reduceoverall memorystallsby a
few percent;in FT (a FastFourier Transformbenchmark)we
implementa loop interchangethatreducesoverall TLB misses
andmemorystallsby 58%and8%,respectively. In many cases,
our tool suggestsoptimizationspreviouslyknown to bene�t the
code,while in someit suggestsnew ones. In most analyzed
codes,thetool indicatesthespeci�c function(s)to optimizeand
a smallsetof potentialoptimizations.Table2 lists theregular-
ity statisticsfor thecodes.Thesamplingmode— convergence,
periodic,or �x ed— dependson theperformanceresultsin the
�rst pass,anddiffers accordingto the application. The “Op-
timization” columnlists a subsetof the optimizationsthat are
suggestedfrom Table1, i.e., thosethat areknown to actually
improve the codebasedon previous researchor from our ex-
periments.umt98 andsmg2000 areexceptions:theoptimiza-
tions listed for themarenot supportedby earlierresearch,and
implementingthemis an areaof future work. Herewe detail
how our tool guidesoptimizationof gzip andFT. Full results
canbefoundelsewhere[22].

Regularity
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Figure4: Regularitymetric
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Figure5: Streamstrides

Figure4 showstheregularitymetricfor all applications.No-
tice thehigh regularity in stencilcodessuchasmgrid , swim,
andJacobi , andthe far lower metric valuesfor indirection-
vector codeslike umt98 and CG. In Figure 5 we seemean
streamstrideson a logarithmic scale. In general,high stride
values can imply the need for loop interchangeand copy-
ing/remappingoptimizationsfor regular codes. We imple-
menta loop interchangein FT andsuggestcopying/remapping
for BT. Hand-tiling signi�cantly improvesthe performanceof
thematmult andÄJacobikernelsandcorrespondinglyreduces
their meanstreamstrides. gzip 's low meanstride is the re-
sult of a byte-by-bytescanfor repeatedstrings. Meanstream
lengthsand the distribution of streamswith lengthsis shown
in Figure6. Applicationswith many long streamsbene�t from
tiling: mgrid , swim, su2cor , Jacobi , andmatmult fall
into this category. Tiled codesexhibit far lower meanstream
lengthsand variances;we seethis when we compareuntiled
matmult andJacobi with their tiled counterparts.A high
variancein streamlengthsis presentin many irregular codes,
suchasumt98 andCG. Regularcodeswith longstreamsbene-
�t from prefetching(sequentialor stream),andthis is observed
for gzip, swim andmgrid .

5.1 gzip

Gzip is a popular, free GNU compressionutility, basedon a
variationof theLempel-Ziv 1977(LZ77) algorithm,andavail-
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Streams StreamLength
Program Reg. Total ]4-32] ]32-128] ]128-16384] > 16384 Mean Dev. Stride Optimization
gzip 0.95 5402 4625 76 17 584 3552 170 1.71 aggressive prefetching,

super-paging and code
restructuring

FT 0.96 755750 734755 20481 513 1 12 23 109.3 loop interchange, array
transposition

umt98 0.44 310655 307386 1818 1377 44 31 570 9.4 scatter/gatherusingIV in
snswp3d

smg2000 0.36 100675 100519 78 74 4 13 108 6.95 coderestructuring
mgrid 0.99 82359 52 82307 0 0 91 3.2 8.0 prefetchingand tiling in

RESID
swim 1.00 38259 1052 2 37188 17 614 223 4.4 aggressive prefetching,

blocking,padding
su2cor 1.00 50274 33688 289 16317 0 1208 52 10.0 code restructuring, �s-

sion, padding, tiling,
prefetching

CG 0.58 184954 143587 40555 805 7 46 518 5.4 scatter/gatherusingIV
BT 0.80 1470357 1419110 51247 0 0 9 4.8 64.8 copying, base-stride

remapping
Jacobi
(Untiled)

1.00 77127 99 76832 196 0 85 26 12.0 tiling

Jacobi t
(Tiled)

1.00 61741 61741 0 0 0 11 1 8 none

matmult
(Untiled)

1.00 88683 8081 0 80602 0 183 4.2 806.0 tiling

matmult t
(Tiled)

0.97 1788850 1788805 0 45 0 10 0.5 356.3 none

Table2: Regularitystatistics
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able for a variety of Unix platforms. We expectgzip to be
regularon thebasisof its compressionalgorithm.Thecodehas
little computationandis memorybound(for our purposeswe
ignoreall �le I/O activities). Table3 shows a summaryof the
resultsobtainedfrom PAPI and a single-passregularity sam-
pling of all the functions,in thecompressionof a 9MB binary
using gzip version1.2.4. The table lists functionswith the
mostmemorystallsin decreasingorder.

gzip has a very high regularity (0.95) and meanstream
length(3552)anda signi�cantly low meanstride(1.71). The
streamdata collectedshows that the two functions with the
most memory stalls — fill window and deflate —
also have very high regularity metrics. We focus on these
functions, rather than the irregular longest match and
compress block , as regular functions are generallyeas-
ier to optimize. fill window has four streamswith very
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STALLS TLB MISS L1 MISS
function (million) (thousand)(thousand)Reg. Streams Len. Stride
fill window 345 7 461 1.00 4 32766 2.0
deflate 169 367 452 0.96 4917 3867 35.5
longest match 125 283 1505 0.31 2 5 4.0
compress block 77 283 21 0.16 207 1592 17.1
send bits 76 275 23 0.53 2 5 4.0
updcrc 76 18 55 0.00 0 - -
ct tally 48 198 175 0.00 0 - -

Table3: gzip – regularityandperformancestatistics

high meanstreamlength (32766) and very low stride (two
bytes). From Table 1 we �nd that the applicableoptimiza-
tions areprefetching,dataandcoderestructuring,and super-
paging. deflate hasa moderatenumberof streams(4917)
with highmeanstreamlength(3867)andhighmeanstride(35.5
bytes). Candidateoptimizationsfor deflate areloop inter-
changeandcopying/remapping.

We baseour �rst optimizationon thevery high meanstream
length,highregularity, andlow meanstridesin fill window .
Werecompilethecodewith compiler�ags to enableaggressive
prefetchingwith ahigherprefetchingdistance(� vecachelines)
with theMIPS ProC compileron anR10000system(theIBM
compilerdoesnot supporttheseoptions). The improvements
aremodest:Thereis a 14% reductionin the total cycle count
of fill window . deflate , with its largerstrideandmore
streams,predictably, bene�tsmuchlessfrom this optimization
(1.6%reductionin thetotalcyclecount).Nonetheless,theover-
all performanceimprovementfor the programis aroundfour
percent,asshown in Table4.

Our secondoptimization,implementedon the IBM SP, also
targetsfill window . Despitethis function'sveryregularna-
ture(100%),few streams(four) andlow stride(2.0), it exhibits
many memorystalls. A cursoryinspectionof the function re-
vealsa sequentialupdateof two 64KB arrays.Thecodestruc-
tureprecludescon�ict misses,andPower3'sstreamprefetching
makessubstantialcompulsorymissesfor small-strideddataun-
likely. With thePower3's smallpagesize(4KB) thetwo arrays
span32pages,leadingusto concludethatTLB missesandpage
faultscausea majority of thestalls.By reversingthearrayup-
dateorderin everyalternatecall to fill window , weincrease
reusein theTLB (andcache).This coderestructuringreduces
theTLB missesandmemorystallsin fill window by 34%
and7%, asshown in Table5. The overall memorystalls for
theapplicationarereducedby 2.4%.A farmoresigni�cant op-
timization would createa super-pagefor the two arrays,with
a provision that thepagebe locked in memory. Theoptimiza-
tion, however, requiresspecialhardwareandoperatingsystem
supportandcanhencenot beimplementedon theAIX/Power3
platform.

The gainsfrom our optimizationsarevery modest,but it is
worthnotingthatthecodeis highly optimizedto begin with; the
�rst optimizationrequiresno studyof thecode,while thesec-
ond,only a cursoryglanceat a function. Similarly, thesuper-
pageoptimizationcould reducepagefaults and TLB misses
and,thus,memorystalls,evenfurther. Thereadermayrightly
questionthe sensitivity of our regularity data to variancein
the input to gzip . For this purpose,we took threedifferent

datainputs: Two binary �les of differentsizesanda large text
�le. We found that the regularity of somefunctions,suchas
deflate variedsigni�cantly with changinginput,beinghigh-
estfor the text data�le, wherethe numberof repeatedstrings
found by the compressionalgorithmwerethe most. More in-
terestingly, fill window exhibitedexactlythesamestatistics
in eachcase. A glanceat the function clearly shows its data
independence.Predictably, the secondoptimizationgave sim-
ilar speedupsin all cases,while the �rst gave variableresults.
This highlights that regularity statistics,and henceoptimiza-
tionsbasedon them,are,in their mostgeneralform, a function
of the codeand the datainput. Optimizationsappliedon in-
variantstatisticsshouldhencebetheprimetargetfor theperson
optimizingthecode.Implicit in ourstatementsregardingappli-
cation(ir)regularity, is its speci�city to the input used,though
in many casesit is evident that thealgorithmis theoverriding
factor.

TotalCycles
(millions)

function No Prefetch -pf ahead=5 % speedup
deflate 176.7 173.9 1.6
updcrc 150.4 150.4 0.0
fill window 125.2 107.0 14.0
longest match 109.6 109.1 0.4
ct tally 9.5 9.1 4.0
compress block 5.9 5.9 -0.4
send bits 5.7 5.7 0.3
Total 598.0 575.7 3.7

Table 4: gzip – SpeedShopoutput with and w/o prefetchingfor
MIPSR10000

TLB MISS MEM STALL
(thousands) (millions)

function Normal Cyclic % change Normal Cyclic % change
fill window 7.6 5.0 34.2 345.6 321.2 6.9
deflate 367.0 341.1 7.2 169.2 175.1 -3.4
longest match 283.3 252.6 10.8 125.4 122.3 2.5
compress block 283.5 274.3 3.2 77.1 77.0 0.1
send bits 275.8 261.4 5.2 76.8 76.3 0.7
updcrc 1.8 1.7 4.5 76.2 76.1 0.1
ct tally 198.9 189.7 4.8 48.7 48.2 1.0
Total 143.4 134.2 6.4 925.7 903.1 2.4

Table5: gzip – PAPI outputwith andw/o cyclic optimizationfor
Power3

5.2 FT

FT, from the NAS NPB and NPB-2 suite [2], is a 3-D Fast
Fourier Transformsolving a PoissonPDE problem. We use
a serialversionof thebenchmark.Oncache-basedandNUMA
systems,large stridesin 3-D FFTsareknown to seriouslyde-
gradeperformance.Thecommonsolutionis to performanar-
ray transpositionby copying [3]. The datain Table6 is for a
fully optimized(-O3)binary.

The extraordinarily high stride (512) in
compute indexmap highlights the opportunity for a
loop interchange,array transpositionor copying/remapping
optimization. Copying incursa costin implementingtheopti-
mizationandremappingrequiresspecialhardware/OSsupport.
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A brief inspectionof thecodecon�rms thata loop interchange
will improve cacheandTLB usagein compute indexmap .
Table7 presentsa summaryof the changein performancefor
binariescompiled with the -O3 �ag. There is a reduction
in TLB misses,L1 D-cache,memorystalls, and total cycles
in compute indexmap by 99%, 95%, 90% and 72%, re-
spectively. Theoverall benchmarkTLB misses,cachemisses,
memorystalls and total cycles are reducedby 58%, 4%, 8%
and 5%, respectively. The high meanstrides in cffts1,
cffts2 and cffts3 suggestthat an array transposition
(which potentially affects the entire application) may offer
betterresultsthanthe loop interchangewe hand-implemented
in asinglefunction.

STALLS TLB MISS L1 MISS
function (million) (thousand) (%) Reg. StreamsLen. Stride
fftz2 172 54 3.0 0.98 513 16 12.0
compute int 146 6 0.1 0.00 0 - -
evolve 103 78 12.0 - - - -
cffts1 98 35 6.7 1.00 147969 28 39.0
cffts3 76 576 3.6 0.91 78307 7 24.0
cffts2 60 43 8.4 0.92 523776 7 24.7
cfftz 52 9 3.0 0.96 1087 8 39.7
compute index 42 1049 83.9 1.00 4097 140 511.9

Table6: FT – regularityandperformancestatistics

TLB MISS MEM STALL TOT CYC
(thousands) (millions) (millions)

function Normal Opt. % less Normal Opt. % less Normal Opt. % less
fftz2 54 24 55.0 173 169 2.3 459 450 1.9
compute int 6 7 -16.6 146 147 -0.7 329 329 0.0
evolve 78 80 -2.5 104 86 17.3 120 105 12.5
cffts1 35 35 0.0 98 98 0.0 119 120 -0.7
cffts3 576 573 0.5 76 73 3.9 103 98 4.8
cffts2 44 43 2.2 60 59 1.6 83 80 3.6
cfftz 10 6 40.0 52 51 1.9 126 125 0.7
compute index 1049 2 99.8 42 4 90.4 44 12 71.7
Total 1855 771 58 753 689 8.5 1389 1320 5.0

Table7: FT – PAPI outputwith andw/o loop-interchangeoptimiza-
tion

6 RelatedWork

Gerlek et al. determinecomplex sequences,including peri-
odic and geometricsequences,basedon loop induction vari-
ables[11]. Their algorithmassiststheir restructuringFortran
90compiler– Nascent– in performingadatadependenceanal-
ysis. Parker et al. usetheAST (abstractsyntaxtree)to detect
linearity in thesubscriptexpressionof arrayaccesses[23]. Ap-
proachesthatwork at thesourcecodelevel, typically, have low
overhead,but limit themselvesto speci�c language/compilers,
andhave dif�culty contendingwith pointer-basedstructures.

Hardwarestreamdetectionhasbeenexploited by prefetch-
ing and dynamicaccessoptimizationmechanisms.Baer and
Chen[1] employ a hardware referencepredictiontableanda
look-aheadprogramcounterto preloaddatawith regular ac-
cesspatternsin cacheto avoid accesspenalty. While hardware
streamdetectionis likely to have a lower overheadthan our
approach,we gathermoredetailedstreamstatisticsto target a
rangeof pro�le-drivenoptimizations.

Chilimbi attemptsto addressthe processor-memoryperfor-
mancegapby introducingtheabstractionof exploitablelocal-
ity – a combinationof locality andregularity [7]. His de�ni-
tions of regularity, both spatialand temporal,are suf�ciently
different from ours to merit specialattention. His de�nition
of regularity correspondsto our notion of temporalregularity,
while his de�nition of temporalregularity hasno counterpart
in our work. Furthermore,his usageof “spatialregularity” dif-
ferssigni�cantly; oursdenotesapropertyof programs,whereas
his quanti�es a particularpropertyof streams,as he de�nes
them.Chilimbi focusesonnon-scienti�ccodeswith references
to scalarvariableswhile we addressnon-scalarreferenceswith
accesspatternsof varyingregularity. While thespeci�c devel-
opmentof regularity, andthepatternsdealtwith, differ between
hiswork andours,theunderlyingthemeis thesame:themem-
ory performanceof applicationscanbeimprovedby exploiting
thepresenceof patternsin thememoryreferencesof anappli-
cation.

Maratheat al. usedynamicbinary rewriting to gatherpar-
tial tracesandperformdetailedcachesimulationsto determine
per-referencecachemetricsaswell asevictor information[18].
They applycodetransformationsto optimizememorybehavior
by transformingloopsandutilizing tiling. Their work differs
in thattheir cacheanalysisis muchheavier weight. In contrast,
we developregularity metrics.Fromthesemetrics,we canin-
fer opportunitiesfor optimizationssuchasprefetchingandloop
inversionaswell as interchangewithout detailedcachesimu-
lation. Hence,the two approachesarecomplementaryin that
wedetermineopportunitiesfor optimizationsatavery low cost
in termsof analysiswhile Maratheet al. may �nd additional
opportunitiesataconsiderablyhigheranalysiscost.

7 Conclusion

This paper demonstratesa tool that dynamically detects
streamedmemoryaccessesin applications. Despitethe intu-
itiveunderstandingof suchaccesses,thereexist few formalisms
to reasonaboutthem.To this end,we de�ne a notionof spatial
referenceregularity that retainsprevious notionsof regularity.
Thisanalysisaidsaparallelalgorithmin dynamicallydetecting
streamswithin a run-timeenvironment,in contrastto previous
efforts thatleveragestaticanalysisor hardwaredetectionmech-
anisms.Unlikestaticapproaches,therun-timemechanismmay
selectively focus on performancebottlenecks. The hardware
mechanismsthatwould otherwiseallow suchdynamic�e xibil-
ity arenot availableon general-purposeplatformsand,hence,
areinaccessibleto mostapplications.

This work amelioratesthe overheadinherentin an online,
software-baseddetectionapproachthrougha framework where
samplingis selective andinstrumentationis transient.This al-
lowsauserto selectanappropriatetrade-off betweenmeasure-
mentoverheadandits accuracy andextent. The resultantap-
plicationof optimizationsbasedonregularitydatafrom theap-
plicationshow performanceimprovementsin realapplications
andpopularkernels.
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