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Abstract

In this paper we presentMETRIC, an ervironment
for determiningmemoryinefciencies by examining data
traces. METRICis designedo alter the performancebe-
havior of applicationsthat are mostlyconstainedby their
latencyto resolvememoryrefeiences. The main contribu-
tions of this paperare as follows. First, we presentmeth-
odsto extract partial datatracesfromrunningapplications
by observingtheir memorybehaviorvia dynamicbinary
rewriting. Secondwe presenta methodolgy to represent
partial datatracesin constantspacefor regular refelences
by employinga novel techniquefor online compessionof
refeencestreams. Third, we employof ine cache simula-
tion to deriveindicationsaboutmemoryperformancebot-
tleneds from partial data traces. By exploiting summa-
rizedmemorymetrics by-refeencemetricsaswell ascache
evictor information, we can pin-point the sourcesof per
formanceproblems. Fourth, we demonstate the ability to
deriveopportunitiesor optimizationsandassessheir ben-
e ts in several experimentsresultingin up to 40% lower
missratios.

1. Intr oduction

Today computingspeeds oftenboundby the datapath,
i.e., the ability of the memoryhierarchyto deliver datain
time to the processar Contemporanarchitecturesre ex-
periencingasmuchas50% stall cyclesfor repetitve data-
centrictasks,in caseof sener workloadseven up to 70%
stalls [25]. Furthermore,processorspeedsincreaseat a
rate of approximately60% per year while memorylaten-
cies are reducedby only 7% per year resultingin an in-
creasinggapbetweenprocessospeedsand memorylaten-
cies. Thus,locatingand eliminating sourcesof inef cien-
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ciesin the memoryhierarchycanpotentiallyimpactappli-
cationperformanceo a signi cant degree.

Incrementaimemoryhierarchysimulationby capturing
the addresstrace of an applicationis a highly accurate
method of isolating problemsin the memory hierarchy
However, asigni cant problemwith this methodis the pro-
hibitive overheadf computatiorandstablestoragesizere-
guirementsassociatedvith capturingthe completeaddress
traceof the target, which could potentially consistof mil-
lions of accessesPartial datatracesrepresent subsetof
theaccesdootprint of thetargetandmaybe comparatiely
smallandlessexpensve to collect, allowing selectve cap-
ture of the mostcritical dataaccesgointsin thetarget.

Theobjectiveof thisworkistoillustratetheuseof partial
datatracesfor incrementamemoryhierarchysimulation,a
centralcomponenbf METRIC (MEmory TRaclngwithout
re-Compiling),a tool we developedto detectmemoryhi-
erarchybottleneckdraving uponour previous experience
with partial datatraces[24] and binary rewriting [21]. It
is alsoin uenced by our work with large-scaldbenchmarks
[30], anotherexample of data-centriccomputationwhere
thedatasizesexceedcachecapacities.

METRIC exploits dynamichinary rewriting by building
on the instrumentatiorframevork Dyninst [2]. Dynamic
binaryrewriting refersto the post-linktime manipulatiorof
binary executablespotentially allowing programtransfor
mationevenwhile the targetis executing. This approachs
superiorto corventionalinstrumentationwhich generally
requirescompilerinteraction("e.g., for pro ling) or thein-
clusionof specialibraries(e.g., for heapmonitoring),since
it obviatestherequirementsf recompilingor relinking. We
also contribute a cacheanalysisapproach basedon prior
work [22], thatlets us procesghesepartial datatracesand
resultsnot only in summaryinformation,suchasmissra-
tios, but alsoreportsdetailedevictor informationfor source-
relateddatastructures.

The adwantageof dynamicbinary rewriting is its abil-
ity to capturememoryreference®f the entireapplication,



@

Attach to&arget

Points _~_——

=
of Interest

S e S —

Shared Object

Handler()———] Trace

Handler)——— Compression

Variable
Information

@

Extrace information
about target

I

Access pt.
Information

<linefile> @

tuples Trace !
Correlation,

1 |
=

L istics

OFFLINE

Executing Handler()——| Module
Allow Target Target Trace
to continue Generation
Compressed Output
Controller Scope Trace Compressed Trace'
Information e
|
I
: \ MHSIm Detailed

Driver Cache

Simulator

@

User
Feedback

Human

Figure 1. The METRIC Framework

including library routinesandmixed-languagepplication,
suchascommonlyfoundin scienti ¢ productioncoded30].
Anothermotivationis its ability to caterfor inputdependen-
ciesandapplicationmodes,i.e., changever time in ap-
plicationbehaior. Thiswork is alsoin uencedby ndings
thatbinarymanipulatiortechnique®ffer new opportunities
for progranmtransformationswhich have beenshavn to po-
tentially yield performanceyainsbeyondthe scopeof static
codeoptimizationwithout pro le-guided feedbacl{1].

The paperis structuredasfollows. First, the METRIC
framawork is introduced.Next, the generationrepresenta-
tion and compressiorof partial datatracesis discussedn
detail. Then,incrementalcachesimulationfor thesepar
tial datatracesis presentecand metricsto assesmemory
throughputare discussed. Finally, we re ect on related
work, discusdutureresearclhtirectionsandsummarize.

2. The METRIC Framework

Oneof thecentralobjectivesof ourwork is to capturethe
memorybehaior throughpartial datatracesrepresenteds
a subsenf the datafootprint of anapplications execution.
Partial datatracesmay be comparatiely smallandcanbe
collectedwithout prohibitively large overheadsluring exe-
cution,while completedatatracesareexpensveto generate
andgenerallyresultin very largeamountf data.

This work focuseson the collection of partial address
traceswithout compileror linker support,i.e., arbitraryex-
ecutablescan be subjectto the generationof traces. We
dynamicallymodify an executingapplicationby injecting
instrumentatiorcodevia binary rewriting. The instrumen-
tationis placedatthe pointof memoryaccesset precisely
capturethe datareferencesssuedby anapplication.In ad-
dition, the usermay activate or deactvate tracing so that

datareferencestreamsare being generatecr being sup-
pressedrespectiely. Thisfacility builds thefoundationfor
capturingpartialmemorytraces.In the following, the soft-
wareinfrastructurefor partialtracegeneratioris detailed.

The METRIC framework is shavn in Figurel. Theuser
providesthe applicationprocessd (PID) andthe namesof
thetargetfunction(s)to the controlprogram.Thecontroller
attachedo the tamgetandretrievesits Control Flow Graph
(CFQG). It parsesthe text sectionof the target for mem-
ory accesdnstructions,i.e., loadsand stores. It usesthe
CFGto determinethe scopestructureof thetarget,i.e., the
function/loopentry and exit points and the nestingstruc-
ture of loops. It theninsertsinstrumentationat memory
accesgoints and scopechangeinstructions. The instru-
mentationconsistsof callsto handlerfunctionsin a shared
library. Thesharedibrary is loadedinto thetarget'saddress
spacehrougha specialone-shoinstrumentation.

Oncethe instrumentatioris complete,the target is al-
lowedto continue. The handlerfunctionsin the sharedi-
brarygetinvokeddependingnthetypeof eventsoccurring
in the instrumentedporogram,i.e., load, store,enterscope
andexit_scope.Thehandlerfunctions,in turn, call thecom-
pressiorroutinewhich attemptgo detectregularpatternsn
theincomingstream.

Oncea speci ed numberof eventshave beenloggedor
a time thresholdhasbeenreachedthe instrumentationis
removed, andthe targetis allowed to continue. The com-
pressegartialeventtraceis thenusedof ine for incremen-
tal cachesimulation. The cachesimulatordriver reverse
mapsaddresse® variabledn thesourcepsinginformation
extractedby the controller andtagsaccesseto line num-
bersin the source.The cachesimulatorgeneratesiot only
summarylevel information, but also reportsdetailedevic-



tor informationfor source-relatedatastructureswhich is
presentedo the user for analysis.

In our approach,we exploit source-relatediehugging
information embeddedn binariesfor our analysis. The
applicationmust provide the symbolicinformationin the
binary (e.g., generallyby usingthe-g ag whencompil-
ing). Most moderncompilersallow inclusionof symbolic
information even if compiling with full optimizations. In
particular IBM's AIX compilersandintel/K&R's compiler
for the PaverPCdo not suffer in their optimizationlevels
whendehlugginginformationis retained. While somede-
bugginginformationmay suffer in accurag dueto certain
optimizationsmemoryreferencesywhich aresubjectof our
study arenot affected. Thus,compiling with symbolicin-
formationonly increasegxecutablesizewithoutsigni cant
degradatiorof performance.

3. Trace Generationand Compression

The generatiorof partialaddressracesprovidesthe ca-
pability to later analyzethis trace. We usea modi ed al-
gorithm baseduponour previous work [24] to obtainef -
cient runtime compressiorof this eventtrace. Our mech-
anismis tailored for regular dataaccesatterns,suchas
thosefrequently occurringin tight loops. Thesepatterns
are representediia regular sectiondescriptos (RSDs)as
atuple startaddress,length, addressstride eventtype
start sequenced, sequenced_stridesource table index
anextensionof Havlak's andKennedys RSDs[13].

The start _address , length and
address _stride  describethe starting address,num-
ber of iterations and strides betweensuccessie address
values generatedby this pattern. The start position of
the patternin the overall event streamis indicated by
the start _sequence _id , and its interleaving is de-
scribed by the sequence .id _stride The stride of
RSDsmay be an arbitraryfunction. We restrictoursehes
to constantsin this paper since we require fast online
techniquedo recognizeRSDs. In different contexts, one
may want to considerlinear functions or higher order
polynomials.Specialaccesgatternsaregivenby recurring
referencedo a scalaror the samearray element,which
canbe representeds RSDswith a constantstride of zero.
The event _type distinguishesbetweenreads, writes,
enterscopeand exit_scopeevents. For the scopechange
events,the startaddresseld representshe scopeid, and
theaddresstrideis zero. Thesource _table _index is
anindex into a table of (source lename  line_number)
tuples. It enablesthe cachesimulatorto correlateevents
with linesin thesourcecodefor userfeedback.

Considerthe examplewith a row-majorlayoutshovn in
Figure 2. For the sale of simplicity, we assumean offset
of oneper array element. The readreferencego array B
occuratoffsetsn+1,n+2,n+3 (correspondingdo references

B[1,1], B[1,2] and B[1,3] ,respectiely),forthe
rst iterationof the outerloop andalengthof n-1 accesses.
The startingsequencéd for the rst accesof the B array
is 3 (sincethe rst threeevents(seqids startfrom 0) are
thetwo enter _scopes for scopesl and2 aswell asthe
readeventfor A[i] ). For oneiterationof the outerloop,
accesse® the B arrayoccurwith aninterleave distanceof
3 in the overall event stream.Hence,the RSD for array B
accessefor 1 iterationof theouterloopiis:

RSD5 B+n+1,n-1,1,READ,3,3,3

SimpleRSDsby themselesarenot sufciently expres-
sive to capturethe entire streamof accessesf eitherarray
A or B. To addresghis limitation, we extendthis descrip-
tion by powerregular sectiondescriptos (PRSDs)which
allow therepresentationf power setsof RSDsasspeci ed
in Figure2. A PRSDextendsthetuple of anRSD, in thatit
may containa PRSD(or RSD)itself, which representshe
subset.Therecursve structureof PRSDsprovidesa hierar
chical meansto representecurringpatternswith different
startaddressebut thesamestridesandlengths.Thisis use-
ful for patternghatareusuallyencountereéh nestedoops.

Theexamplein Figure? illustrateshow all readaccesses
to arrayA canbecombinedasfollows:

PRSD1: start _base _address = A,
base _address _shift = 1,
start _base _sequence .id = 2,
base _sequence .d _shift = 3n-1,

PRSDlength = n-1,RSD1

This PRSDrepresents total of n-1repetitionsof RSD1
with incrementsof 1 in addressesnd interlearsing dis-
tance of 3n-1 betweenthe start of consecutie patterns
in the overall event stream. Events, which cannotbe
classi ed as a part of a pattern, are representecby the
irregular accessdescriptos (IADs) as: address, type
sequenced, sourcetable index The sequence _id
anchorsthe event in the overall event stream, and the
source _table _index gives the (sourcelename
line_.number)mappingof theinstructioncausingthis event.
Thetype indicatesventtype(i.e enter/ exit scopeor load/
store). Line numbersare obtainedfrom the binary's dehug
information, as explainedearlier Oncea speci ed hum-
berof eventshave beenloggedor atime thresholdhasbeen
reachedtheinstrumentations removed,andthetargetis al-
lowedto continue.Thecompressedescriptiorof the event
trace(PRSDs& RSDs)is written to stablestorage.Before
we discussethe useof thecompressettacefor cachesim-
ulationanduserfeedbackacces®rderingis detailed.

4. Ordering of Accesses

The previous sectionprovided compactrepresentations
for regular accesspatternswithin a sequencef dataref-
erences. Data referencestreamsin numerical codesof-
tenexhibit accesset multiple sequencem aninterleaved



/[Declare Aln], B[n][n], init. Aw O
for (i =0; i < n-l; i++)
{ /I begin scope_1
forG =0, j < nl; j++)
{ /I begin scope_2
Alll = Afi] + B[i+1][j+1];
} /I end scope_ 2
} /I end scope_ 1
Event Stream:
EnterScopel
EnterScope2
A[0] B[1][1] A[0]
ExitScope2
EnterScope2
A[1] B[2][1] A[1]
ExitScope2
ExitScopel

RSD: start addr, length,addr_stride eventtype
start seqid,seqid_stride source table index
PRSD: baseaddr, baseaddr_shift,sequencead_base
sequenced_shift, PRSDlength,RSD
offsetsin A:  StreamRepresentation:
reads: 000... RSD1: A, n-1,0,READ,2,3,1
111... RSD2: A+1,n-1,0,READ,3n+1,3,1
PRSD1: A, 1,2,3n-1,n-1,RSD1
writes: 000... RSD3: A, n-1,0,WRITE,4,3,2
111... RSD4:  A+1,n-1,0,WRITE,3n+3,3,2
PRSD2: A, 1,4,3n-1,n-1,RSD3
offsetsin B (readsonly):
n+1,n+2... RSD5: B+n+1,n-1,1,READ,3,3,3
2n+12n+2.. RSD6: B+n+1,n-1,1,READ,3n+2,3,3
PRSD3: B+n+1,n-1,3,3n-1,n-1,RSD5
For scope? : EnterScope::
1,3n,6n-1... RSD7: 2,n-1,0,ENTER,1,3n-D,
For scope2 : Exit_Scope::
3n-1,6n-2... RSD8: 2,n-1,0,EXIT3n-1,31-1,0

Figure 2. Example: Representing Regular Access Patterns

manner Considerthe examplein Figure 2 again: Ac-
cessedo elementsof arraysA and B alternate(at differ-
ent frequencies). We provide a compact, e xible repre-
sentationthat preseres the order of accesseshrougha
PRSD, even acrossdata structures. The sequence _id
of RSDs speci es the order of the rst occurrencefor
a reference. The sequence _id _base togetherwith
thesequence _id _shift determinetheinterleasing fre-
guenciesof different PRSDs. The former determinethe
baseoffsetin thedatareferencestreamwhile thelatterspec-
i es thenext occurrence.To simplify the constructiorof a
datastreamfrom PRSDs,PRSDsareinternally organized
asaforestatthe highestlevel, whereeachtreecomprisesa
hierarchyof PRSDswith leavesrepresentindRSDs.

Theexamplein Figure2 depictstheorderingof accesses
by sequence .d sof 2,4, 3,0and for RSDs1,
3,5, 7 and8, respectiely. This correspondso the original
acces®rderof enteringthescoperepeatedlyeadingA and
B aswell aswriting A beforeexiting thescope.

Theabstractiorof adatastreamprovidesacompactep-
resentatiorof regularreferencesvithin applications.rreg-
ularaccessearerepresentedeparatelyn termsof anlAD,
asexplainedbefore.

5. Online Detectionof AccessPatterns

The algorithmto detectRSDswasdevelopedin collab-
orationwith LawrencelLivermoreNationalLaboratoryand
University of Utah/ Cornell University [24]. This algo-
rithm extractsthe accessesorrespondingo a datastruc-
ture suchasan array despitethe interleasing of alternate
accessefo otherdata. In orderto detectRSDs,a pool of

referencess maintained Thereferencedie within thewin-
dowof addressebeingscannedor potentialRSDs.As new
addressesire referencedthe window of active addresses
adwanceswithin a pool. In orderto determineRSDswith
constanstrides,it is imperative to computedifferencese-
tweenelementsof the pool. To reducethe computational
compleity, we storea set of differencesalongwith each
referencen the pool. The questfor locatingRSDsreduces
to oneof nding asequencef pool elementsn which dif-
ferenceshetweenaddressesf streamelementsareidenti-
cal. Thepool consistingof boththememaoryreferencesind
the calculateddifferencescan be storedin a statically al-
located two-dimensionahrray which is usedin a circular
mannerby keepingtrack of two indices,the start andthe
endof the active addressesThe indicesadvancevia mod-
ulo arithmeticthroughthe pool. The pseudocodeof the
algorithm, omitting the detailsof aginganddistinguishing
accesdypes,is presentedn Figure3. Theworstcasecom-
plexity of the algorithmis , Where

is the numberof total reference, is the cardinality of the
RSDsetand isthewindow size. Both and arecon-
stants.The outerconditionalchecksfor membershipn the
RSD setwhosesizeis constrainedoy the numberof dis-
joint streamswhich is boundedby a constant . Aging of
streamganeasilybeachievedby includingatagwith each
tuplein the streamtablesignifying the stream$ age.

We illustratethe applicationof the algorithmon the ex-
amplein Figure2. We assumei andB startatlocation100
and200, respectiely, andare storedin row-majorlayout.
Let array elementsoccupy single memorylocations. The
accessefranslateinto the following addressequencelis-
tinguishedby read(R)andwrite(W) accesses:



WHILE new referencexistsDO
Incrementcolumn;/* move window */
pool0 column := new referencef* addref. to pool*/
IF referencdN someRSDTHEN

Updatelengthof RSDin streantable;

Mark columnin pool (shadedn example);

ELSE/* computeandstoredifferencesn pool*/

FORi:=1TOw-1DO
pooli column :=pool0 column-pool0 column-i;

END FOR,;

found:= FALSE;/* nd RSDsw/ min. length3*/

IF thereexistsi in 1..w-1AND kin 1..w-1
suchthatpooli column ==poolk column-i THEN
EnterRSDin streantable;

Mark columns0,i,k in pool (shadedn example);

END IF;

END IF;
END WHILE;

Figure 3. Online Algorithm to Detect RSDs

R100R211W100; R100R212W100; R100R213W100; ...
R101R221W101; R101R222W101; R101R223W101; ...
Figure 4 shavs the snapshobf the pool asthe rst eight
referencesreencounteredThe headetrrow shows the ref-
erencedocations.Eachcolumncontainsthe differencebe-
tweenthevaluein the currentcolumnheaderlndthevalue
in aprecedingcolumn(see‘computeandstoredifferences”
in Figure 3). The particularelementusedfor calculating
thedifferencedepend®ntherow in which thedifferences
computedse€g[24]) andrequiresmatchingaccessypes.To
captureRSDswithin awindow sizew, we needonly com-
pute the differencesabove the diagonalof the pool table.
On seeingthe third R100 (assuminga minimum lengthof
three),we will identify anRSDby observinghetwo corre-
spondingdifferencesof 0 (circled)in a transitive relation-
ship, resultingin RSD <100, 3, 0, ..>
Later R100s will extendthis RSD in length. Similarly,
a differenceof 1 (circled) for referencedk211,R212 and
R213resultsin RSD<211, 3, 1, ..> . Weonlyre-
fer to the rst threecomponent®f RSDsthat contrituteto
the algorithm. Detailsof composingRSDsinto PRSDsare
alsoomittedsincethey arestraightforward.

dist.[[R100] R211 W100
-1 111
-2 -111 - -111

2 Slo o

Figure 4. Snapshot of the Reservation Pool

R100f R212 WI100 | R100} R213

6. CacheSimulation and User Feedback

The compressedvent traceis usedfor off-line incre-
mental cachesimulation. We use a modi ed version of
MHSIm[22] asthe cachesimulator MHSIim wasdesigned

(shaded).

“to identify sourceprogramreferencegausingpoor cache
utilization, quantify cachecon icts, temporaland spatial
reuse,and correlatesimulation resultsto referencesand
loopsin thesourcecode”.

The original MHSIim packageuseda source-to-source
Fortran translatorto instrumentdata accessesvith calls
to the MHSIim cachesimulationroutines. However, this
stratgy hasseveraldisadantagesDataaccessespeci ed
in the sourcecodeare simulatedin their canonicalexecu-
tion orderignoring ary compilertransformationghat may
changethe order of accesses.Additionally, the compiler
may eliminate several accessesluring optimizations(e.g.,
commonsub-pressions). We avoid theseproblemsby
instrumentingthe applicationbinary insteadof the appli-
cation source. The event trace describeghe order of ac-
cessessthey occurredduring execution. The cachesim-
ulator driver usesthe applicationsymbol table to reverse
mapthetraceaddressew variableidenti ers in thesource.
It relies on the symbolicinformationembeddedn the bi-
nary, as explained before. Every compressedrace rep-
resentation(i.e., PRSDs,RSDsand IADs) hasan associ-
ated “sourcetableindex”, which indexesinto a table of
(sourcelename line_number)mappingscorrelatingthe
accesdnstructionin the binary to the sourcelevel access
thatit representsMHSIim is capableof simulatingmultiple
levels of memoryhierarchy However, we concentrateur
analysisonly onthe rst level of cache(i.e., L1 cache).

For eachaccespoint, MHSIim provides:

total hits associatedvith thereference.
total missesassociatedavith thereference.

missratio for thereferencebasicfactorin evaluating
locality of reference.

temporal reusefraction for the reference,i.e., the
numberof . Usefulfor determininghow
muchlocality (temporaland spatial)the references
providing. Thiscanbechecledagainsthesourcecode
to seehow muchpotentialfor locality thereferenceac-
tually has.

spatial use which is computed as

, givesanindicationof thefrac-
tion of the cacheblock being referencedbefore an
eviction occurs. A low spatialusecountwould indi-
catethat the machineis wastingcycles and/orspace
bringingin datathatis neverreferenced.

evictor references theidentitiesof thecompetingef-
erenceswhich evicted this referencefrom the cache,
andtheirrelative counts.Usefulfor determiningvhich
dataobjectscon ict with eachother Thecon ict can
beresohedby programtransformation®r by datare-
organizatione.g., arraypadding).



Miss Temporal Spatial
File Line Reference  SourceRef Hits Misses Ratio Ratio Use
mm.c 63 xz_Readl  xz[K][]] 0 2.50e+05 1.00 no hits 0.171
mm.c 63 xy_-Read0  xy[i][k] 2.39e+05 1.10e+04 0.0441 0.854 0.129
mm.c 63 xx-Read2  xx[i][j] 2.50e+05 1.57e+02 0.000628 1.00 0.5
mm.c 63 xx_Write .3 xx[i][j] 2.50e+05 0.0 0.0 1.00 no evicts

Figure 5. Per-Reference Cache Statistics for Unoptimiz ed Matrix Multipl y

Reference Evictors

File Line Name SourceRef | File Line Name SourceRef Count Percent

mm.c 63 xy_ReadO xy[i][k] mm.c 63 xzReadl xz[K][j] 10863 100.00

mm.c 63 xzReadl xz[K][j] mm.c 63 xz_Readl xz[K][j] 238150 95.58
mm.c 63 xy_ReadO xy[i][K] 10854 4.36
mm.c 63 xx_Read2 xx[i][j] 149 0.06

mm.c 63 xx_Read2 xx]i][j] mm.c 63 xz_Readl xz[K][j] 149 100.00

mm.c 63  xx_Write .3  xx{i][j] mm.c 63 xz_Readl xz[K][j] 149 100.00

Figure 6. Evictor Information for Unoptimiz ed Matrix Multipl y

7. Experiments

In the following section, we illustrate the use of our
framawork to analyzethe locality behaior of seseral test
kernels.We shav how the cachesimulationresultscanbe
usedto detectandisolate problemareasandto derive ap-
propriateprogramtransformations.

The cachecon guration for simulation was that of a
MIPS R12000processowith atotal cachesize of 32 KB,
32 byte line size and 2-way associatiity. A partial data
tracewas obtainedfor eachkernel. The compressedrace
wasrunthroughthe cachesimulatorto producememaoryhi-
erarchystatistics.

7.1 Matrix Multiplication (mm)

We rst reporton experimentswith a matrix multiplica-
tion kernel. The C sourcecodeis shavn belov (assuming
thatarraysarerow-major).

60 for (i=0; i < MAT_DIM; i++)
61 for (§ = 0; j < MAT_DIM; j++)
62 for (k = 0; k < MAT_DIM; k++)

63 X[ li]=xy ik >z [K]f]+xxi0T;
MAT_DIM = 800

total memory accesses logged = 1000000

Theorderof accesseis importantto distinguishtwo dif-
ferentsourcecodereferences$o thesamearrayin thereport
statisticqfor example xx[i][j] READandxx([i][j]
WRITB. In the reporttables,eachdistinct referencepoint
from the machinecodeis representethy anidenti er com-
posedof the nameof the dataobjectit refersto, appended
with thetype of acces§READ/WRITE) andthe positionof
thereferencepointin theoverall orderof accessem thebi-
nary. (For example,in the untiled matrix multiply kernel's

machinecode,the orderof accesses xy(read),xz(read),
xx(read),xx(write) indicatedasxy _Read_0, xz _Read_1,
xx _Read_2 andxx ‘Write _3, respectiely.)

We obsenethefollowing overall performance:

reads = 750000 | temporahits = 703930
writes = 250000 | spatialhits = 34881
hits = 738811 | temporalratio = 0.95279
misses = 261189 | spatialratio = 0.04721
missratio = 0.26119| spatial use = 0.16980

Thehigh missrate(26%)shouldbethe rst indicationof
concerrfor theanalyst.Interestinglythespatialusevalueis
quitelow (0.16980).Thisindicateghatthecurrentprogram
referencingorderis inef cient in the sense¢hatmostcache
blocksarebeingevicted beforethe entiredatain the block
is referencedt leastonce.

Let us explore the cachestatisticsat a higher level of
detail. Figure5 depictsthe perreferencecachestatistics.
Thexz _Read_1 performancas immediatelystriking. All
accesseto the xz arrayweremisses.A look at the source
indicatesthe cause:The k loop runsover the rows of xz.
By the time reuseof xz dataoccurs(on next iteration of
thei loop), thedatahasbeen ushed from the cache.With
only a singleelementof the cacheline containingxz being
referencedor eachiteration of k, the spatialusevalueis
alsolow (0.171).

With the xx _Read_2 referencethe numberof hits is
large,asexpectedsincethexx(i][j] readis invariantfor
thek loop. Evenhere,however, the spatialuseis low (0.5)
indicating prematureeviction beforeall datain the block
wasreferencedThexx ‘Write _3 writesto datalocations
alreadybroughtinto cacheby the xx _Read_2 reference,
explainingamissrateof 0.



Miss  Temporal Spatial
File Line Reference SourceRef Hits Misses  Ratio Ratio Use
mm.c 86 xx_Read2 xx[i][j] 2.41e+05 8.79e+03 0.0352 0.972 0.673
mm.c 86 xy_-ReadO xyl[i][k] 2.41e+05 8.79e+03 0.0352 0.896 0.732
mm.c 86 xz_Readl xz[K][j] 2.50e+05 2.88e+02 0.0011 0.999 0.861
mm.c 86  xx_Write -3  xXx[i][j] 2.50e+05 0.00e+00 0.0 0.989 no evicts
Figure 7. Per-Reference Cache Statistics for Optimiz ed Matrix Multipl y
Reference Evictors
File Line Name SourceRef | File Line Name SourceRef Count Percent
mm.c 86 xzReadl xz[K][j] mm.c 86 xy_-Read0 xy[i][k] 100 69.44
mm.c 86 xx_Read2 xx[i][j] 42 29.17
mm.c 86 xz.Readl xz[K][j] 2 1.39
mm.c 86 xx_Read2 xx[i][j] mm.c 86 xx_Read2 xx][i][j] 4976 60.05
mm.c 86 xy_ReadO xyJi][K] 3297 39.79
mm.c 86 xz-Readl xz[K][j] 14 0.17
mm.c 86  xx_Write -3  xXx[i][j] mm.c 86 xx_Read2 xx][i][j] 4976 60.05
mm.c 86 xy_ReadO xyJi][K] 3297 39.79
mm.c 86 xz-Readl xz[K][j] 14 0.17
mm.c 86 xy_ReadO xyli][k] mm.c 86 xy_-Read0 xy[i][k] 5010 59.52
mm.c 86 xx_Read2 xx][i][j] 3279 38.96
mm.c 86 xz.Readl xz[K][j] 128 1.52

Figure 8. Evictor Information

For the xy _Read_0 reference,the numberof hits is
quite large, comparablein magnitudeto the hits for the
xx _Read_2 referenceA surprisingfeatureis therelatively
high temporalratio (0.854). With the k loop runningover
the columndimensionof xy andtemporalreusenot occur
ringtill nextiterationof j, wewouldratherexpectthespatial
fractionof hitsto behigh. This meanghatthexy Read_0
referencedoesnot experiencetoo much interferencefrom
otherreferencesver long stretche®f accesse@morethan
thelengthof thek loop).

Theevictortablefor mmis shavnin Figure6. Again,the
xz _Read_1 referenceperformancas unusual. Over 95%
of thetime, xz _Read_1 interferedwith itself, indicatinga
capacityproblem. Additionally, xz _Read_1 wasthe evic-
tor for all the otherreferenceg100% of the time). These
evictions by xz causeprematuranvalidationof block data
belongingto evicted referencedeadingto low spatialuse
(and,thus,low overall cacheusagefor thesereferences.

Impr oving data locality: We have pinpointedthexz ar
ray referencegshaving the maximumeffect on cacheper
formance.We needto changethe programstructureto re-
ducethe accesdootprint for xz. By interchangingthe j
andk loops,we canincreasdocality for xz (sincenow the
innerloop runsoverthecolumnsof xz), which hasthehigh-
estnumberof misses.By strip mining thej andk loops,

for Optimiz ed Matrix Multipl y

we canforce the temporalreuseto occur at shorterinter-

valsin theoveralleventstreamgspeciallyfor arraysxy and
xx. Thiswill reducethe chanceof thesereference$having

blocks ushed from the cachebeforethe entire block data
is utilized. The new transformeccodewith theseimprove-
mentsis shavn below.

j++)

81 for (jj=0; JIKMAT_DIM; jj += ts)

82 for (kk=0; kk<MAT_DIM; kk += ts)

83 for (i=0; iI<MAT_DIM; i++)

84 for (k=kk; k<min(kk+ts,MAT_DIM); k++)

85 for  (j=jj; j<min(jj+ts,MAT_DIM);

86 xx[il[i] = xyfillk] * xz[K][i] +
xx[il[L;

tile size ts = 16;

We obsene thefollowing overall performance:

reads = 750000 | temporalhits = 947173
writes = 250000 | spatialhits = 34955
hits = 982128 | temporalratio = 0.96441
misses = 17872 |spatialratio = 0.03559
missratio = 0.01787| spatial use = 0.70394

Figures7 and8 shawv the perreferencecachestatistics
and the evictor table for the transformedmatrix multiply
code. Figures9(a-c) contrastthe resultsbefore and after
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Figure 9. Contrasted Metrics for Matrix Multipl y before and after Optimizations

optimizationfor misses,use and evictor information for

the critical referencexz _Read_1, respectiely. The over-

all missratio hasdecreasedwo ordersof magnitudefrom

0.26to 0.017. The overall spatialuse hasalso improved
greatlyfrom 0.169800 0.70394.Thegreatesimprovement
hasoccurredfor the xz _Read_1 referencethe numberof

hits hasgonedown from 0 to 2.5e+05with 99.9%o0f these
beingtemporalhits.

Also, for all referencesthe spatialusevalueshave gone
up, increasingthe ef ciency of cacheusage. The eviction
tablein Figure8 why this happened.The numberof evic-
tions for mostreferenceshasgonedown signi cantly, es-
pecially for the xz referencefrom almost240,000to less
than200. Evictorsfor this referenceare also depictedin
Figure9(c). For otherreferencesthe evictors, in the ma-
jority of casesarereferencego the samearray Overall,
the interferencebetweenthe xz referenceand other refer
enceshasbeensigni cantly reducedwith a slight overall
increasen interferencebetweenotherreferencege.g., be-
tweenxy Read_0 andxx _Read_2).

Considerthe pseudo-coddor the unoptimizedmatrix
multiply again. Two referencedo xx, areadanda write,
arein icted on onearrayelement. We performedour ex-
perimentsy compilingwithout allocatingxx[i][j] toa
registerin the innerloop. While registerallocationwould
have affectedthetotal numberof referencegor xx , it hasa
negligible impacton eviction andmissratios,asveri ed by
thelow eviction countof 149in Figure6. Only oneout of
800arrayreferencesvould have beenaffectedin arraysxy
andxz . In the optimizedcase,allocatingxy to a register
would have hadasimilar affect sincethe cacheassociatiity
wastwo andbothtiled blocksof xx andxy could co-exist
in cache.

7.2 Erlebacher ADI Integration

The C kernel for the ErlebacherADI Integration is
shavn belov. For this kernel, the optimizationspossible
(loop interchangeandfusion) are visually apparent.How-

ever, we illustrate how the cacheresultscanbe usedto di-
vine the needfor theseoptimizations. The resultanalysis
would be similar in the caseof more non-obvious codes
bene ting from the samedoop optimizations.

16 for (k = 1; k < N; k++) {
17 for (i =2; i <N; i++)
18 X[i][K] = x[i][K] -
X[i-1](k]*afi](K] Io[i-1][K];
19 for (i =2; i <N; i++)
20 bil[k] = b[i][K] -
afilk] *alil[k] Io[i-1][K];
21 }
N = 800

total memory accesses logged = 1000000

We obsenethefollowing overall performance:

reads = 800000 | temporahits = 351731
writes = 200000 | spatialhits = 147768
hits = 499499 | temporalratio = 0.70417
misses = 500501 | spatialratio = 0.29583
missratio = 0.50050| spatial use = 0.20181

As in mm the primary indicator of concernis the miss
ratio — over 50% of the total accesseare misses.Spatial
hits constitutgustathird of theoverallhits. Thelow spatial
usevalue(0.20)indicatesthe poor ef ciency of the current
programorderof memoryaccesses.

The reference-speci cstatisticsare summarizedn the
rst bar of Figure 10(a). In addition, Figure 10(b) in-
dicateslow spatial use for read referencesin the origi-
nal code. The rst ve referencex[i]J[k] , a[i][Kk] ,
b[i-1][K] [I[K] andali][K] do not have a sin-
gle hit in thecache.Looking atthe sourcecode,acommon
patternis evidentamongall thesereferencetheinnerloop
(i loop) runsovertherows of thesereferencesSpatiallyad-
jacentelementdrom thesearrays,in the samecacheblock
asthesereferencesareaccesseanly on the next iteration
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Figure 10. Contrasted Metrics for ADI before and after Optimizations

of the k loop, by which time they have been ushed from
the cache.Hence,spatialusevalueis low, andspatialhits
arenggligible.

The evictor information (not shavn dueto its size) ac-
tually indicatesthis problemindependenbf sourcecode
knowledge.A circulardependengexistsfor thereferences
andtheir evictors within bothinnerloops. We needto re-
orderthe accesseso thatwe cantake advantageof spatial
reuseby running the inner loop over the columns(rather
thanrows) of thesereferences.The sourcecodeindicates
thatthisis possiblewithout violating datadependencies.

Improving Locality: Theloop-interchangedternelis
shawvn below.

16 for (i = 2; i < N; i++)
17 for (k = 1; k < N; k++)
18 X[ilK] = x[i][K] -

X[i-1][K] *alil[k] /b[i-1][K];
19 for (k = 1; k < N; k++)
20 bilk] = b[i][K] -

afilk] *alilik] Io[i-1][K];
21 }

We obsenethefollowing overall performance:

reads = 800000 | temporalhits = 454867
writes = 200000 | spatialhits = 419733
hits = 874600 | temporalratio = 0.52009
misses = 125400 | spatialratio = 0.47991
missratio = 0.12540| spatial use = 0.96281

Thereis signi cant improvementin themissratio: it has
fallen from 50% to lessthan 13% in the optimizedcode.
The acces®f ciency, indicatedby the spatialuse,hasin-
creasedlrasticallyfrom 0.20to0 0.96.

Canwe optimizethelocality further?To determinethis,
we needto look at the reference-speci cstatistics,sum-

marizedfor selectedreferencesn the secondbar of Fig-
ure10(a). Themissratio hasdecreasedubstantiallyespe-
cially for the ve referencesve focusedon ( x_Read_3,
a_Read 1, b_Read 2, b_Read8, a_Read.Jb5)inthe
analysisof the unoptimizedkernel. However, there still
remaina non-ngligible numberof misses. If we look at
the sourcenamesfor the referencesye seethat thereare
a lot of common expressions(especiallyali][k] and
b[ilK] ). Groupingtheseaccessesogetherwould fur-
therincreasdocality for thesecondaraccesset thesame
array(e.g., groupinga_Read_1 anda_Read_5 wouldelim-
inatemissedor a_Read_5). Of coursethis transformation
wouldbepossibleonly if nodatadependencieareviolated.
Thenew kernelis shavn below.

14 for (i = 2; i < N; i++)
15 for (k =1; k < N; k++) {
16 X[i][K] = x[i][K] -

X[i-1](K] *afil[k] 1 b[i-1][K];
17 bil[k] = b[i][K] -

afillk] * afi][k] ! b[i-1][K];
18

We obsenethefollowing overall performance:

reads = 800000 | temporalhits = 549822
writes = 200000 | spatialhits = 349849
hits = 899671 | temporalratio = 0.61114
misses = 100329 | spatialratio = 0.38886
missratio = 0.10033| spatial use = 0.99798

The missratio hasdecreasedrom 12.5%to 10%. The
temporaluseincreasediueto groupingof accessedead-
ing to approximately5% increasein temporalhits. As a
side-efectof thereducechumberof evictions(directly cor-
relatedto reductionin total misses)the spatialusehasin-
creasedo 0.997 , indicatingexcellentacces®f ciency.



The last bar in Figure 10(a) shows the perreference
statisticsfor the loop-fusedcase. The table indicatesthat
the chief improvementhas beenin the a_Read 5 and
x_Read_0 references Groupingthe a[i][k] accesdor
a_Read_5 anda_Read_1 causedhemissedor a_Read_5
togodowntozero.Thex _Read 0 referencalsodecreased
its numberof missesdy overtwo ordersof magnitudelead-
ing to a missratio of almost0. This s surprisingsincethe
reusefor the x[i-1][K] element(dueto the X][i][K]
read reference)occursonly on the next iteration of the i
loop. The reductionin the overall misses(and, thus, the
evictions)dueto groupingseemdo havereducedhecross-
interferencdor the x[i-1][K] referenceasa sideeffect.

Careful analysisof the statisticsreveals there is still
potential for improvement. The x _Read_3 (X[i][K] )
and x_Read 0 (x[i-1][K] ) as well as b_Read_2
(b[i-1][K] ) andb_Read_8 (b][i][K] ) sharetemporal
reusepotentialon adjacentiterationsof the i loop. The
missesfor x_Read_0 and b_Read_8 can be reducedby
tiling (blocking) for thei andk loops. However, we will
notdiscusghesemodi cationshere.

8. Related Work

The idea of enhancingDynInst by supplyingthe reg-
ister contentsof scratchand non-scratchregistersand the
ability to invoke high-level routinesthroughindirect calls
to dynamicallyloadedsharedlibraries builds on our prior
work on multi-threadeddelugging[26]. The performance
improvementsdueto inline instrumentatiorare consistent
with previously publishedtechniquesfor supportingfast
breakpointg16]. Dyninst usestechniquessimilar to fast
breakpointsfor inline instrumentationbut, in contrastto
theoriginal work on fastbreakpointsin a portablefashion.
The invocationof arbitraryroutineshasalsobeenrealized
in asimilar fashionin DPCL, a distributedinstrumentation
frameawork ontop of DyniInst[9].

Regular Section Descriptorsrepresenta particularin-
stanceof a commonconceptin memoryoptimizations.ei-
therin software or hardware. For instance RSDs[13] are
virtually identicalto the streamdescriptos usedat about
the sametime in the compilerand memorysystemswork
inspiredby the WM architecturd34].

Atom hasbeenwidely usedasa binary rewriting tool to
staticallyinsertinstrumentatiorcodeinto applicationbina-
ries[28]. Dynamicbinaryrewriting enhanceshis approach
by its ability to dynamicallyselectplaceandtime for in-
strumentations. This allows the generationof partial ad-
dresstraces,for example,for frequentlyexecutedregions
of codeanda limited numberof iterationswith a codesec-
tion. In addition,Dyninst makesdynamicbinary rewriting
aportableapproach.

Weikle et al. [31] describean analytic framework for
evaluatingcachingsystems.Their approachviews caches

as lters, andonecomponenof the framework is a trace-
speci cation notation called TSpec TSpecis similar to

the RSDsdescribedcherein thatit providesa moreformal

mechanismby which researchersnay communicatewith

clarity aboutthe memoryreferencegeneratedby aproces-
sor. The TSpecnotationis morecomplex thanRSDssince
it is alsothe objecton which thecachelter operates.

Buck and Hollingsworth performeda simulationstudy
to pinpointthe hot spotsof cachemissesasedn hardware
supporffor datatracegeneratior§3]. Hardwarecountersup-
portin conjunctionwith interruptsupporton over ow for a
cachemiss counterwas comparedo misscountingin se-
lectedmemoryregions. The former approachis basedon
probingto capturedatamissesat a certainfrequeng (e.g.,
oneout of 50,000misses).The latter approactperformsa
binarysearchor n-way searchpverthe dataspaceo iden-
tify the location of the mostfrequently occurringmisses.
Samplingwas reportedto yield lessaccurateresultsthan
searching.The approachtbasedon searchingprovided ac-
curateresults(mostly lessthan 2% error) for thesesimu-
lations. Unfortunately either hardware supportfor these
two approachess not yet readily available (with the ex-
ceptionof the IA-64), or thereis a lack of documentation
for this support(as con rmed by one vendor). In addi-
tion, interruptsonover ow areimprecisedueto instruction-
level parallelism. The datareferencecausingan interrupt
is only known to be locatedin “close vicinity” to the in-
terruptedinstruction,which complicateshe analysis. Fi-
nally, this describedhardware supportis not portable. In
contrast,our approachto generatingracesis applicableto
today'sarchitectureds portableandprecisdn locatingdata
referencesand doesnot requirethe overheadof interrupt
handling. Otherapproacheso determiningthe causef
cachemisses,suchas informing memory operations,are
alsobasedon hardware supportandare presentlynot sup-
portedin contemporanarchitecture$l5, 23].

Recentwork by Mellor-Crummey et al. usessource-to-
sourcetranslationon HPF to insertinstrumentationcode
that extractsa datatraceof arrayreferences.The traceis
later exposedto a cachesimulatorbeforemisscorrelations
arereported[22]. This approachsharests goal of cache
correlationwith our work, andwe are consideringcollab-
orative efforts. CProf[19] is a similar tool that relies on
postlink-time binaryeditingthroughEEL [17, 18] but can-
not handlesharedibrary instrumentatioror partial traces.
LebeckandWood alsoappliedbinary editing to substitute
instructionsthat referencedatain memorywith function
calls to simulatecacheson-the- y [20]. Our work differs
in the fundamentalapproachof rewriting binaries,which
is neitherrestrictedto a specialcompileror programming
languagenor doesit precludethe analysisof library rou-
tines. Anothermajor differenceaddressethe overheadof
large datatracesinherentto all theseapproachesWe re-



strict oursehesto partialtracesandemploy tracecompres-
sionto provide compactrepresentations.

Recentwork by Chilimbi etal. concentratesnlanguage
supportanddatalayoutto betterexploit cache$7, 6] aswell
asquantitatve metricsto assessnemorybottleneckswithin
thedatareferencestreani5]. Thisworkintroducegheterm
wholeprogram stream(WPS)to referto the datareference
stream,and presentanethodsto compactlyrepresenthe
WPSin a grammaticaform. However, the WPScompres-
sion is only applicableto scalardata,while our approach
addressesompactrepresentationfor array accessesind
even dynamicallyallocatedobjects. Other efforts concen-
trate on accesanodelingbasedon whole programtraces
[2, 14] usingcachemissequationg11] or symbolicrefer
enceanalysisat the sourcelevel basedon Preshirger for-
mulas[4]. Theseapproachevolve linearsolverswith re-
sponsdimeson the orderof severalminutesup to over an
hour. We concentrat®ur efforts on providing feedbacko a
programmenquickly.

A number of approachesaddressdynamic optimiza-
tions throughbinary translationand just-in-time compila-
tion techniquedor native code[27, 1, 8, 29, 12]. Themain
thrustof thesetechniquess programtransformatiorbased
on knowledgeabouttaken executionpaths,suchas trace
scheduling Thetransformationéncludethereallocationof
registersandloop transformationgsuchascodemotionand
unrolling), to namea few. Theseefforts areconstrainedy
the trade-of betweenthe overheadof just-in-time compi-
lation and the potential payof in executiontime savings.
Our approachdiffers considerably We allow of ine op-
timizationsto occur, which do not affect the applications
performanceduring compilation,andwe rely on injection
of dynamicallyoptimizedcodethereafter

SIMGA is a tool using binary rewriting through Aug-
ment6kto analyzememoryeffects[10]. Thisis the closest
relatedwork. SIGMA capturedull addresgracesthrough
binaryrewriting. Experimentatesultsshov agoodcorrela-
tionto hardwarecounterdor cachemetricof entireprogram
executions. Performancepredictionandtuning resultsare
alsoreported(subjectto manualpaddingof datastructures
in a secondcompilationpassin responseo cacheanaly-
sis). Theirapproacltdiffersin thatthey neithercapturepar
tial datatracesnor presenta conceptfor suchanapproach.
Their compressioralgorithmis inferior sinceit resultsin
linear spacerepresentationfor interleaved patterns,such
as matricessequentiallyindexed, whereasconstantspace
sufces, as demonstrate®y our algorithm and Figure 2.
Our cacheanalysisis more powerful. It reportsnot only
perreferencenetricbut alsoperreferencesvictor informa-
tion,whichisimperatvetoinfer potentialfor optimizations.
Subsequentlywe areableto apply moresophisticateapti-
mizations suchastiling andloop transformations.

9. Future Work

METRIC representshe rst steptowardsatool thatal-
terslong-runningprogramson-the- y sothattheir speedn-
crease®ver its executiontime —without any recompilation
or userinteraction. We are currentlyworking on the sec-
ond step, the applicationsof programanalysisand subse-
guentdynamicoptimizationson the binary. As such,au-
tomatedoptimizationandon-the- y injection of optimized
codepresentvork in progressTheformerrequiresnotonly
the reconstructiorof the control- ow graph,which is al-
readyavailableat the binary level, but alsothe calculation
of data- ow informationandthedetectiorof inductionvari-
ablesin orderto infer datadependencieand dependence
distancevectors[32, 33], aprerequisitdo determingf cer
tain programtransformationpresere the semantics.

10. Conclusion

In thispaperwe demonstratéhatdynamicbinaryrewrit-
ing offersnovel opportunitiesfor detectingnef cienciesin
memoryreferencepatterns.Our contributionsarea frame-
work to instrumentselectve load andstoreinstructionson-
the- y, thegeneratiorandcompressioof partialdatatraces
aswell asthe simulationof referencebehaior in termsof
caching.By correlatingevictor informationandaggreyated
cachemetrics, sourcesof inef ciencies can be localized.
The analysisallows us to infer the potentialfor program
transformations.Thesetransformationgesultin an abso-
lute missratereductionof up to 40%. Our resultsstill use
manualcodetransformationdut we areworking on anau-
tomatedapproacho optimizeapplicationson-the- y, atask
thatfacesmary interestingchallenges.
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