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Abstract. As processorcomplexity increasescompilerstendto deliver subopti-
mal performance.Library generatorssuchasATLAS, FFTW andSPIRAL over-
comethis issueby empirically searchingin the spaceof possibleprogramver-
sionsfor theonethatperformsthebest.Empiricalsearchcanalsobeappliedby
programmers,but becausethey lacka tool to automatetheprocess,programmers
needto manuallyre-write the applicationin termsof several parameterswhose
bestvaluewill bedeterminedby theempiricalsearchin thetargetmachine.
In this paper, we presentthedesignof anannotationlanguage,meantto beused
eitherasan intermediaterepresentationwithin library generatorsor directly by
theprogrammer. This languagethatwecall X representsparameterizedprograms
in a compactandnaturalway. It providesan powerful optimizationframework
for high performancecomputing.

1 Intr oduction

Processorsandmachinesin generalarebecomingincreasinglycomplex andit hasbe-
comeextremelydif�cult evenfor expertsto identify thefastestcodesequencesandthe
sequenceof transformationsthatwould optimizea givencodesequence[6,7,29,30].
Furthermore,thebestcodefor a particularmachineis notnecessarilythebestfor other
machines,evenwhenarchitecturaldifferencesareminute.Becauseof this complexity,
compilerstendto deliver suboptimalperformanceandprogrammersmake limited at-
temptsat manualoptimization.Theresultis that,in many cases,applicationsonly use
a smallfractionof thetargetmachine'spower.

Clearly, an optimizationmethodologymust be developedto improve the current
situation.Recentstudieshaveshown thataconceptuallysimplestrategy, known asem-
pirical search, canbea very effective optimizationstrategy. Empiricalsearchconsists
of searchingthe spaceof possibleprogramversions,executingeachof them on the
targetmachine,andselectingthefastestversion.

Empiricalsearchhasbeenstudiedin thecontext of compilertransformations[14]
andlibrary generators.Thus,ATLAS [27], a linearalgebralibrary generator, searches
the spaceof possibleforms of matrix-matrix multiplication routines.The different



formsvaryin thesizeof tiles,degreeof unrolling,andscheduleof operations.TheSPI-
RAL [20] andFFTW[10] signalprocessinglibrary generatorssearchaspaceconsisting
of implementationsof differentformulasrepresentingthetransformto beimplemented.
In thecaseof library generators,empiricalsearchleadsto performanceimprovements
of an orderof magnitudeover goodgenericlibraries that have not beentunedfor a
particularmachine.

Empirical searchcanalsobe appliedmanuallyby a programmer. The ideawould
be for the programmerto write the applicationin termsof several parameterswhose
bestvaluefor a particulartargetmachineis to bedeterminedby empiricalsearch.The
parameterscouldspecifyvaluessuchasdegreeof unrolling of a given loop, tile size,
etc.Parameterscouldalsobe usedto representcompletelydifferentwaysof carrying
out a computationor part of a computationby numberingthe differentstrategiesand
makingthis numberoneof theparameterswhosevalueis to beidenti�ed.

In thispaperwedescribeanongoingeffort to designandimplementanew language,
X, thatcouldbeusedby programmersandalsoserveasanintermediaterepresentation
within of library generators.X is a languageto representparameterizedprogramsnat-
urally andcompactly. Programmerswould be able to programin X directly. Library
generatorscould be organizedasdepictedin Figure1 whereit is assumedthat func-
tions of the library aredesignedin a very high level domainspeci�c languagewhich
is analyzed,parameterizedandtranslatedinto X programs.Theavailability of X would
enablethereuseof asearchengineacrosslibrary generators.
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Fig. 1. Programming adaptive library generators

Our objective is to designX sothat it is easyfor theprogrammerto specifywhich
transformationsto apply, andchangetheorderor thevaluesof thetransformations.The
value of the parameterscan be determinedusing empirical searchorchestratedby a
searchenginewhich couldusethetargetmachineto evaluatetheperformanceof each
versionof theprogramor rely onanalyticalmodels.

Sincemany programsspendmostof their time executingloops,loop-basedopti-
mizationsare the main focus of attentionof the transformationswe proposein this
initial versionof X, althoughnon-looptransformationsarealsopossible.



Theoutputof processingX couldbemachinecode,whichwouldgiveprogrammers
accessto low-leveloptimizations.However, thisapproachwouldforcethedevelopment
of anX translatorfor eachmachine.To makeX portable,highlevel languagecodecould
be generatedso that eachversionof the code,that is, eachpoint in the searchspace,
would have to be fed to the native compiler. This compiler is in charge of the low-
level optimizationssuchas registerallocationandcodegenerationof the executable
code.In many occasions,we would like to disablemany of the optimizationsof the
native compiler, but this is not alwayspossible,becausedisablingall optimizations(-
O0) could leadto poorperformance.As a result,thetransformationsrepresentedin X
mayor maynot bepreservedby thenativecompiler. Theonly solutionto this problem
is thesearchof thebestcombinationof transformationat thesourcelevel thatinteracts
with thelow level compiler.

Therestof thepaperis organizedasfollows: Section2 lists the languagerequire-
mentsto easethe designof multiversionprograms;Section3 analyzesthe multiver-
sionningcapabilitiesof macroor multistagelanguageswith respectto theserequire-
ments;Section4 presentsthe X languagewhich combinesmultistageevaluationwith
rei�cation andtransformationpragmas;Section5 detailsthedesignof theX language
source-to-sourcecompiler;Section6 presentspromisingresultsonmimickingthecode
generatorfor DGEMM (matrix-matrixmultiplication) in ATLAS [27]; andSection7
comparestheX languagewith relatedwork andresults,beforeweconcludeandsketch
futurework.

2 NecessaryFeaturesof the Language

In thissection,wediscussthefeaturesthatmustbeexhibitedby any languagedesigned
speci�cally for thecompactrepresentationof multiplecodeversions.

1. Elementarytransformations.The �rst featuresthat cometo mind areconstructsto
generatemultiple versionsof a statementby applyingelementarytransformationsto
a statement.Elementarytransformationsarewidely usedtransformationsthatcannot
be convenientlycastin termsof other, simpler transformations.For programopti-
mization,thetargetsof thetransformationsareusuallycompoundstatementsandthe
transformationstypically manipulatetheorderof executionandthecontrolstructure
of thecomponents.For sequencesof assignmentstatements,typicalelementarytrans-
formationsarestatementreordering,replication,anddeletion.Loop transformations
includeunrolling, interchanging,stripmining,fusion,�ssion, andscalarreplacement.
Wealsoconsiderlooptiling anelementarytransformationalthoughin theoryit canbe
representedasa combinationof stripminingandinterchanging.Someloop schedul-
ing transformations,suchassoftwarepipelining,arebeconsideredto beelementary
transformations.Thereasonis that,althoughschedulingcanberepresentedasa se-
quenceof simplertransformations,it is usuallydif�cult to doso.
Many of elementarytransformationsrequireinput parameters,suchasthedegreeof
unrolling(Figure2), tile size,andlocationswheretheloop is to besplit in thecaseof
�ssion (Figure3). Multiple versionsof the initial statementareobtainedby varying
thevaluesof theseparameters.



do i=1, 100
a(i)=b(i)+c(i)

end do

do i=1, 99, 3
a(i)=b(i)+c(i)
a(i+1)=b(i+1)+c(i+1)
a(i+2)=b(i+2)+c(i+2)

end do
a(100)=b(100)+c(100)

do i=1, 100, 2
a(i)=b(i)+c(i)
a(i+1)=b(i+1)+c(i+1)

end do

do i=1, 100
a(i)=b(i)+c(i)

end do

1 32
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Fig. 2. Unroll
do i=1, 100
S1:   a(i)=b(i)+c(i)
S2:   c(i)=a(i)+d(i)
S3:   e(i)=a(i)+e(i-1)
end do

do i=1, 100
S1:   a(i)=b(i)+c(i)
end do
do i=1, 100
S2:   c(i)=a(i)+d(i)
end do
do i=1, 100
S3:   e(i)=a(i)+e(i-1)
end do

do i=1, 100
S1:   a(i)=b(i)+c(i)
S2:   c(i)=a(i)+d(i)
end do
do i=1, 100
S3:   e(i)=a(i)+e(i-1)
end do

do i=1, 100
S1:   a(i)=b(i)+c(i)
end do
do i=1, 100
S2:   c(i)=a(i)+d(i)
S3:   e(i)=a(i)+e(i-1)
end do

S1 S1, S2
S2

Loop Fission

Fig. 3. Loop Fission

Elementarytransformationsareusedin library generatorsduring empiricalsearch.
Thus,ATLAS makesuseof tiling, unrolling,andloop scheduling;FFTW makesuse
of scheduling;andSPIRALappliesloop unrolling.

2. Compositionof transformations.Usually, thebestversionof a statementis the re-
sult of applyingseveralelementarytransformations.Thus,for example,ATLAS ap-
pliesinterchanging,tiling, unrollingandschedulingto thetriply nestedmatrix-matrix
multiplicationloopduringits empiricalsearchfor anoptimalform of theloop.There-
fore,ourlanguageshouldallow theapplicationof multipletransformationsto asingle
statement.An exampleof compositetransformationis unroll&jam shown in Figure4.
This transformationcanbeimplementedby applyinganouterunroll followedby fu-
sion of the two inner loops.Alternatively, unroll&jam canbe implementedby �rst
stripminingthe outerloop, theninterchangingthe inner loop with the newly gener-
atedloop,and�nally unrolling theinnermostloop.
An importantform of transformationcompositionis conditionalcomposition,where
aconditionis usedto selectthetransformationor theparametervalueof atransforma-
tion. For example,considera loop thatis to be�rst stripminedandthentheresulting
inner loop unrolled.We may want to fully unroll the inner loop but only whenthe
sizeof thestrip is lessthana certainthresholdandpartiallyunroll otherwise.

3. ProceduralAbstraction.For compositetransformations,it is convenientto havepro-
ceduralabstractionstoencapsulatenew transformationsandtoavoid having to rewrite
sequencesof transformationsthatareappliedmorethanonce.
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for (i=0; i<n*2; i++)
for (j=0; j<m; m++)

a(i) = a(i) + b(j)

for (i=0; i<n*2; i++)
for (j=0; j<m; j++)

a(i) = a(i) + b(j)
for (j=0; j<m; j++)

a(i+1) = a(i+1) + b(j)

for (i=0; i<n*2; i++)
for (j=0; j<m; j++)

a(i) = a(i) + b(j)
a(i+1) = a(i+1) + b(j)

for (i=0; i<n*2; i+=2)
for (ii=i; ii<i+2; ii++)

for (j=0; j<m; j++)
a(ii) = a(ii) + b(j)

for (i=0; i<n*2; i+=2)
for (j=0; j<m; j++)

for (ii=i; ii<i+2; ii++)
a(ii) = a(ii) + b(j)

Fig. 4. Unroll & Jam

4. A mechanismto de�ne new transformations.This extensionmechanismenables
the userto add new transformationsthat cannotbe representedas compositionof
elementarytransformations.In particular, programmersshouldbe able to generate
application-dependenttransformationsthat take into accountthe semanticsof the
computation.The simplestway to representa transformationis using transforma-
tion ruleswhichareadequateto representmany transformations.Thetransformation
rulesconsistof a codetemplatefollowedby theform resultingaftermodi�cation by
thetransformation.For instance,astripminetransformationwith a tile of size4 could
bede�ned asfollows:

for (i = 0; i < N; i++) f <body> g
->

for (ii = 0; ii < (N/4)*4; ii += 4)
for (i = ii; i < ii+4; i++) f <body> g

for (i = (N/4)*4; i < N; i++) f <body> g;

Transformingthetopcodetemplateinto thebottomcodeis thestripminetransforma-
tion, wherevariable<body> representsthebodyof theloop to bestripmined.
As theexampleillustrates,transformationrulesarequiteconvenient.However, since
transformationsrules are not universal,sometransformationsmust be represented
asa programwritten in, for example,a conventionalprogramminglanguage.In this
case,theinterfacebetweenthesourcelanguageandthetransformationroutinesmust
beclearlyspeci�ed.This interfaceshouldcontaintheabstractsyntaxtreeof thecode
to betransformedandperhapsotherrelatedinformationsuchasdependencegraphs.

5. A mechanismto namestatements.Whanapplyinga sequenceof transformations,
it is often necessaryto apply oneof the transformationsto oneof the components
of the resultingcode.For example,to implementunroll&jam unrolling is appliedto
the innermostloop resultingfrom stripmining.Therefore,the ability to namecom-
ponentsandsubcomponentsof statementsis necessaryto enablethecompositionof
transformations.

3 Macro Language

Perhapsthesimplestapproachto implementX would beto usea macrolanguage.As-
sumingthatthemacrolanguagestatementsareC-likestatementsprecededby thechar-
acter%andthatreferencesto macrolanguagevariablesarealsoprecededby %, Figure5



shows anexamplewherethe%for statementproducesthebodyof a loop unrolled%d
times.Thatis,whenthe%for loopis executed,it producesthesequenceof assignments:
s=s+a[i+0]; s=s+a[i+1]; ...;s=s+a[i+%d-1]; . In this thisexampleweassumed
that%dis a sub-multipleof 256and,for that reasondid not includetheclean-upcode
neededto correctlyhandletheremainderof the256 iterationsof theoriginal loop.No-
tice that %d in Figure5 will be assigneda valueat compile-time,andwill usuallybe
assignedseveral valuesin successive compilationsduring an empiricalsearchfor the
bestversionof theprogram.

sum=0;
for (i=0;i<256;i+=%d) f

%for (k=i; k<=i+(%d-1); k++)
s = s + a[i+%k];

g

Fig. 5. Loop unroll using macro statements.

An implementationbasedonmacrolanguagewouldproduceasystemthatrelieson
generationratherthantransformation.Thus,the constructof Figure5 doesnot trans-
form aninitial loop but generatesa loop with thebodyunrolled%dtimes.If themacro
languageincludesprocedures,it would be possibleto write generationroutinesthat
accomplishthesameobjectivesasany transformation.For example,wecouldconceiv-
ably develop an %unroll-loop routine that acceptsthe body of the loop, the index
variable,andthedegreeof unrollingasparameters.Thesegenerationroutinescouldbe
a convenientway to extendthebaselanguagewith new parameterizedstatements.

In somecasesit is preferableto usethegenerationapproachsothattheprogrammer
canproduceexactly thetransformedcodethathedesires.For this reason,X includesa
macrolanguage.However, we have foundthat thegenerationapproachhastwo disad-
vantages:

� Thegenerative approachleadsto codethat is dif�cult to developandunderstand.If
we want to optimizeanexisting programit will benecessaryto modify theoriginal
codewhichmayintroduceerrors.Furthermore,codecontaininggenerativestatements
is dif�cult to write and read.Therefore,the generative approachhasdisadvantage
evenwhentheparameterizedcodeis to bewritten from scratch.

� Complexity whencomposingtransformations.Sincetheprogrammeris directlyma-
nipulatingsourcetext, whentwo or moretransformationsareappliedto a statement,
themacrostatementscanbecomecomplicated.For instance,tiling thethreeloopsof
the matrix-matrixmultiplication codein Figure6-(a) with squaretiles of sizetile
resultsin thecodeshown in Figure6-(b). Thevariable%tile will be instantiatedat
compiletime,sothatversionsof matrix-matrixmultiplicationwith differenttile sizes
canbegeneratedby just changingthevalueof the%tile variable.Thecodein Fig-
ure6-(b)showstheremainderloopswhen%tile is notdivisibleby K, andoutlinesthe
additionalcodethatshouldbewritten to generatetheremaindersof MandN. A pro-
grammerwho needsto write all this additionalcodeis likely to make mistakes.This
problemwill belesssevereif themacrolanguagecontainsprocedures,but thenthere
would be the needto developa procedurefor eachcombinationof transformations
or procedureswith a cumbersomeparameterlist. In any case,tiling canbeobtained



by composingloop stripmineandloop interchange.Unfortunately, the programmer
usingmacrostatementscannottakeadvantageof this.

for (i=0;i<N;i++) f for (i=0;i<(N/%tile)* %ti le; i+ =%tile ) f
for (j=0;j<M;j++) f for (j=0;j<(M/%tile)*%t ile ;j +=%til e) f

for (k=0;k<K;k++) f for (k=0;k<(K/%tile)*% til e; k+=%ti le) f
c[i][j] += a[i][k] * b[k][j]; for (ii=i;ii<i+%tile;i++ ) f

ggg for (jj=j;jj<j+%tile;j+ +) f
for (kk=k;kk<k+%tile;k k++) f

(a) c[ii][jj] += a[ii][kk] * b[kk][jj];
gggg

%if ((K/%tile)*%tile)! =K) f
for (k=(K/%tile)*%tile;k <K;k+ +) f

for (ii=i;ii<i+%tile;i+ +) f
for (jj=j;jj<j+%tile;j ++) f

for (kk=k;kk<k+%tile;kk ++) f
c[ii][jj] += a[ii][kk] * b[kk][jj];

gggggg
%if (((M/%tile)*%tile) != M) f

....
g

%if (((N/%tile)*%tile ) != N) f
....

g
(b)

Fig. 6. (a)-Matrix-matrix multiplication code. (b)-Tiled matrix-matrix multiplication code using
macro statements.

4 X LanguageusingPragmas

In this Section,we describetheX languagethatwe have designedtaking into account
thefeaturesdescribedin Section2. X uses#pragmas to nameloopsor portionsof code
andto specifythetransformationsto apply. Thesyntaxof the#pragmas usedto name
loopsor codesectionshastheform:

#pragma xlang name <id> { ... }

The {} areonly necessarywhennaminga setof statements,but they arenot re-
quiredto namea singlestatement.Thesepragmasneedto be placedright beforethe
codesectionto benamed.Thesyntaxof the#pragmas to specifytransformationshas
theform:

#pragma xlang transform keyword <list-input-par> <list-output-par>

Theoriginal sourcecodeonly needsto bemodi�ed with thename#pragmas . The
transform#pragmas canbein thesame�le thatthesourcecodeor in adifferentone.

In X, theloop unrolling transformationin Figure2 is speci�edasshown in Fig-
ure7. #pragma xlang name l1 is usedto nametheloop right afterit, while #pragma
xlang transform unroll l1 4 speci�esthetransformationunroll l1 4 times.

Thestripminetransformationis speci�edin Xwith #pragma xlang transform stripmine
l1 4 l3 l1rem asshown in Figure8-(a).This transformationwill stripmine the l1
loop usinga tile sizeof 4. Thegeneratedcodeis shown in Figure8-(b).Thenew loop
thatresultsof thestripmine transformationis namedl3 . To nametheremainderloop,



sum=0; sum=0;
#pragma xlang name l1 #pragma xlang name l1
for (i=0;i<256;i++) f for (i=0;i<256;i+=4) f

s = s + a[i]; s = s + a[i];
g s = s + a[i+1];
#pragma xlang transform unroll l1 4 s = s + a[i+2];

s = s + a[i+3];
g

(a) (b)

Fig. 7. Example in X of loop unroll. (a)- Pragmas to name the loop and specify the unroll 4 (b)-
Generated code#pragma xlang name l1 #pragma xlang name l1

for (i=0;i<N;i++) f for (i=0;i<(N/4)*4;i+=4 ) f
#pragma xlang name l2 #pragma xlang name l3
for (j=0;j<M;j++) f for (ii=i;ii<i+4;ii++) f

c[i] = a[i][j] * b[j]; #pragma xlang name l2
gg for (j=0;j<M;j++) f

#pragma xlang transform stripmine l1 4 l3 l1rem c[ii] = a[ii][j] * b[j];
ggg

#pragma xlang name l1rem
for (i=(N/4)*4;i<N;i++) f

#pragma xlang name l2
for (j=0;j<M;j++) f

c[ii] = a[ii][j] * b[j];
gg

(a) (b)

Fig. 8. Example in X of stripmine.(a)-Pragmas to name loops and specify the stripmine transfor-
mation. (b)-Generated code.

theexampleusesl1rem . Usingthispost�x notationwecanapplythesametransforma-
tion to l1 and l1rem by simplyusingl1 �

Another transformationthat X includesis arrayscalarization.The syntaxfor this
transformationis #pragma xlang transform scalarize- func <array-name> in
[<id>] , wherefunc canbe in , out , -in&out or none . scalarize-in is usedwhen
copy-in is needed,that is, whenthe initial valuesin the arrayhave to be loadedinto
thescalarvariables.scalarize-out is usedwhencopy-out is needed,thatis, whenthe
scalarvaluesneedto bewritten backto memoryto thecorrespondingarraylocations.
scalarize-in&out is usedwhenboth both in andout are required.scalarize is
usedwhennor in or out arenecessary. Theprogrammermustdeterminewhich is the
appropriatescalarizetransformationto applysothatthegeneratedcodeis correct.

sum=0; double a0,a1;
#pragma xlang name l1 sum=0;
for (i=0; i<256; i+=2) f #pragma xlang name l1

s = s + a[i]; for (i=0; i<256; i+=2) f
s = s + a[i+1]; #pragma xlang name l1.loads

g f a0 = a[i];
#pragma xlang transform scalarize-in a in l1 a1 = a[i+1]; g

#pragma xlang name l1.body
f s = s + a0;
s = s + a1; g
g

(a) (b)

Fig. 9. Example in X of the scalarize-in transformation. (a)-Pragmas for scalarize-in . (b)-Code
after scalarize-in array a in l1 .

Figure9-(a)showsanexamplewherethescalarize-in transformationis usedto
scalarizethe arraya in l1 . The generatedcodeis shown in Figure9-(b). The gener-
atedcodecontainsthedeclarationof thenew scalarvariablesa0 anda1, andtwo new



pragmas that namecertainstatementsof the generatedcode.#pragma xlang name
l1.loads namethe statementsthat load the array valuesinto the scalars.#pragma
xlang name l1.body namethe statementswherethe arrayreferenceshave beenre-
placedwith scalars.Notice that these#pragmas are automaticallygeneratedafter a
scalarizetransformationis applied,without theprogrammerspecifyinganything.In the
caseof a scalarize-out transformationan additional#pragma namingl1.stores
would have beengenerated.Namingtheseloop sectionsallows theprogrammerto ap-
ply new transformationson thegeneratedcode.For example,Figure10-(a)shows an
examplewherethe load statementsof the copy-in phasehave beenmoved beforel1
andthestorestatementsof thecopy-outphasehavebeenmovedoutsidel1 asshown in
Figure10-(b).In this new example,we have used#pragma xlang transform lift
l1.loads before l1 and#pragma xlang transform lift l1.stores after l1 ,
wherethesyntaxof this transformationis
#pragma xlang transform lift <statement-id><befor e | after><loop-id> .

for (i=0;i<N;i++) f double c0,c1;
for (j=0;j<M;j++) f for (i=0; i<N; i++) f

#pragma xlang name l1 for (j=0; j<M; j++) f
for (k=0;k<K;k+=2) f #pragma xlang name l1.loads

c[i][j] += a[i][k] * b[k][j]; f c0 = c[i][j]; g
c[i][j] += a[i][k+1] * b[k+1][j]; #pragma xlang name l1

ggg for (k=0; k<K; k+=2) f
#pragma xlang transform scalarize-out c in l1 #pragma xlang name l1.body
#pragma xlang transform lift l1.loads before l1 f c0 += a[i][k]*b[k][j];
#pragma xlang transform lift l1.stores after l1 c0 += a[i][k+1]*b[k+1][j ]; g

g
#pragma xlang name l1.stores
f c[i][j] = c0; g

gg

(a) (b)

Fig. 10. Example in X of scalarize-out and lift transformation. (a)-Pragmas for
scalarize-out and lift . (b)-Generated code.

X alsoincludestransformationsfor softwarepipelining.Onedifferencebetweenthe
softwarepipeliningandthelooptransformationsis thatsoftwarepipeliningoperateson
statementsinsteadof loops.The lower granularityof softwarepipelining transforma-
tionsmakesthemmorecomplex, sincetheprogrammerneedsto dealwith movementof
individual statements.Thetwo transformationsusedfor softwarepipeliningaresplit
andshift . Thesplit transformationis notnecessarilya softwarepipeliningtransfor-
mation.It is usedto separateatomicinstructions.Figure11 shows how an instruction
combininga load andan operationis breakingassignmentstatementsinto two state-
ments,oneto computetheright handsideandtheotherto assignthecomputedvalue
to theleft handside.

Figure12 shows how to softwarepipelinea loop with the shift transformation.
We have used#pragma xlang transform shift l1.1 2. The �rst argumentl1.1
correspondsto the �rst statementof loop l1 andin general,the loop.< n> notationis
usedto designatethe sequenceof the �rst n statementsin the body of loop loop . In
theexample,the�rst statementis shiftedwith respectto theremainingstatementswith
a latency of 2, givenby the secondargument.Application of the shift transformation
createsa pipeline with multiple stages.The exampleshows the resultingcode,with



for (i=0; i<N; i++) f double temp[0..K];
for (j=0; j<M; j++) f for (i=0; i<N; i++) f

for (k=0; k<K; k++) f for (j=0; j<M; j++) f
#pragma xlang name statement st1 for (k=0; k<K; k++) f
c[i][j] += a[i][k] * b[k][j]; #pragma xlang name statement st1

ggg temp[k] = a[i][k] * b[k][j];
#pragma xlang split st1 st2 temp #pragma xlang name statement st2

c[i][j] = c[i][j] + temp[k];
ggg

(a) (b)

Fig. 11. Example split. (a)-Pragmas for split . (b)-Generated code.

a prolog anda epilog loop. Notice that theseloopscanbe unrolledusingthe pragma
fullunroll asshown in Figure12-(b).

De�ning transformationswith respectto existing onesprovidesa proceduralab-
stractionto theX language.We describethemin Section5.

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

#pragma xlang name l1 #pragma xlang name l1.prolog
for (k=0; k<K; k++) f for (k=0; k<2; k++) f

temp[k] = a[i][k] * b[k][j]; temp[k] = a[i][k] * b[k][j];
c[i][j] += temp[k]; g

ggg #pragma xlang name l1
#pragma shift l1.1 2 for (k=2; k<K; k++) f

temp[k] = a[i][k] * b[k][j];
c[i][j] += temp[k-2];

g
#pragma xlang name l1.epilog
for (k=N-1; k<K; k++) f

c[i][j] += temp[k];
ggg

#pragma xlang transform fullunroll l1.prolog
#pragma xlang transform fullunroll l1.epilog

(a) (b)

Fig. 12. Example shift for software pipeline. (a)-Pragmas for shift . (b)-Generated code, including
fullunroll.

5 Implementation

In thissection,wedescribetheimplementationof theX languagetranslatorandpresent
how transformationsareencoded.

5.1 X Translation

TheX languageis translatedin two steps.The frontendperformsseveral tasksbefore
passingthe result to the backend.First, the frontendparsesthe annotatedC program
and builds the associatedabstractsyntaxtree.Next, a tree-walk identi�es the loops
andtransformationsspeci�edby theX languagedirectives.Themarkedloopsarethen
rewritten as seriesof library calls that representthe loops inside the backend.Also,
transformationdirectivesaretranslatedinto library callsfor performingtheappropriate
transformationson theannotatedloops.After all theannotationsof theC programhave
beentranslated,theremainingcodeis transformedusinga multistage languagesimilar
to thelanguagedescribedin Section3. Ourmultistagelanguagealsoresembles̀C [19]



which is a generalizationof a macrolanguagewith arbitrary recursionandwherea
programmaygenerateanotherprogramandexecuteit, having multiple programlevels
cooperateandsharedatapossiblyatrun-time.The�nal translatedprogramis thenready
to beprocessedby thebackend.

In thesecondstep,this programis executed:it readsa separate�le describingthe
optimizations,performstheoptimizationsandproducesthe�nal optimizedC code.The
macrolanguageis usedto manipulatecodeexpressionsandto write someoptimizations
(suchasunroll) in acompactway. Partialevaluationof expressionsthatcontainonly %
variablesandconstantsis donein this step:aspresentedin Section3, variablenames
suchasc %i arethenexpandedinto c 0, c 1,... in theresultingcode.

Finally, all unoptimizedcode(not pre�xedby pragmas)is printedout without any
modi�cation in the�nal code.

5.2 De�ning New Transformations

Thede�nition of transformationsin X canusepatternrewriting rulesandmacrocode.
A patternrewriting rule containstwo patterns:the �rst patternis for matchingandthe
secondoneis for rewriting. Whenan input codematchesthe �rst pattern,thecodeis
rewritten asindicatedby thesecondpattern.If thepatternrewriting rule is not expres-
sive enough,theuserhasthepossibility to de�ne thecodeusingmacrocodedirectly.
Thus an X programcould containboth pragmasand macrostatements.In fact, it is
possibleto de�ne a codegeneratorassociatedwith apatternof code.

In thecurrentimplementation,no dependenceanalysisis integratedyet, sono va-
lidity checkis performedfor thetransformation.We envisionthat,contraryto thecom-
piler, validity checksin X only raisewarningsto theuser, sincetheuseris assumedto
know whatheis doingandvalidity checksmaybetooconservative.

Proceduralabstractionenablesthewriting of complex transformationsfrom simpler
ones.It is animportantfeaturein thede�nition of transformations.Thedestinationpat-
terncancontainsometransformpragmas.For instance,a line suchas#pragma xlang
transform fullunroll l1rem couldbeaddedto thedestinationpatternof stripmine
andwould fully unroll theremainderloop.

6 Experimental Results

We studyin thissectionamatrix-matrixmultiplicationandits optimizationwith X lan-
guage.Startingfrom a very simple implementation,the goal is to mimic ATLAS by
performingthesametransformationswith theX. For this preliminaryexperiment,the
platform usedis a NovaScale4020server from Bull featuringtwo 1.3GhzItanium 2
(Madison)processors,with a 256KB level 2 cacheanda 1.5MB level 3 cache.Quality
of compiledcodeis the key to performanceon Itanium becauseof its explicit paral-
lel assemblyandits in-orderexecution.Schedulingproblemscannotbe smoothedby
hardwaremechanisms.All codes(including ATLAS) arecompiledusing the Intel C
compiler(icc ) version8.1with -03 -fno-aliases �ags.



#pragma xlang name iloop
for (i = 0; i < NB; i++)

#pragma xlang name jloop
for (j = 0; j < NB; j++)

#pragma xlang name kloop
for (k = 0; k < NB; k++) f

c[i][j]=c[i][j]+a[i][k]*b[k][j];
g

#pragma xlang transform stripmine iloop NU NUloop
#pragma xlang transform stripmine jloop MU MUloop
#pragma xlang transform interchange kloop MUloop
#pragma xlang transform interchange jloop NUloop
#pragma xlang transform interchange kloop NUloop
#pragma xlang transform fullunroll NUloop
#pragma xlang transform fullunroll MUloop
#pragma xlang transform scalarize_in b in kloop
#pragma xlang transform scalarize_in a in kloop
#pragma xlang transform scalarize_in&out c in kloop
#pragma xlang transform lift kloop.loads before kloop
#pragma xlang transform lift kloop.stores after kloop

(a)

#pragma xlang name iloop
for(i = 0; i < NB; i++) f

#pragma xlang name jloop
for(j = 0; j < NB; j += 4) f

#pragma xlang name kloop.loads
f c_0_0 = c[i+0][j+0];
c_0_1 = c[i+0][j+1];
c_0_2 = c[i+0][j+2];
c_0_3 = c[i+0][j+3];
g
#pragma xlang name kloop
for(k = 0; k < NB; k++) f

f a_0 = a[i+0][k];
a_1 = a[i+0][k];
a_2 = a[i+0][k];
a_3 = a[i+0][k]; g
f b_0 = b[k][j+0];
b_1 = b[k][j+1];
b_2 = b[k][j+2];
b_3 = b[k][j+3]; g
f c_0_0=c_0_0+a_0*b_0;
c_0_1=c_0_1+a_1*b_1;
c_0_2=c_0_2+a_2*b_2;
c_0_3=c_0_3+a_3*b_3; g
...

g
#pragma xlang name kloop.stores
f c[i+0][j+0] = c_0_0;
c[i+0][j+1] = c_0_1;
c[i+0][j+2] = c_0_2;
c[i+0][j+3] = c_0_3; g

g g
... // Remainder code

(b)

Fig. 13. (a) mini-mmm code in X. (b) Code after transformation with MU = 4, NU = 1.

6.1 Pragmasfor MMM

Theinitial codefor matrix-matrixmultiply is a triple-nestedloop wheretheinnerloop
containsone�oating point multiply-addoperation.Blocking the codefor L2 andL3
cacheis key to obtaininghigh performance.Thereforeeachloop is tiled threetimes
usingX pragmasin orderto performthemultiplicationwith blocks�tting into registers
andthe L2 andL3 caches.Figure13-(a)shows the mini-MMM codetailoredfor L2
cache,with thepragmasto generateregister-blocking.

Notethatthereis nosoftware-pipelinetransformationsincethecompilertakesthis
optimizationin chargebetterthanif it wasdoneat thesourcelevel.

Notethatwe do not performa softwarepipelinebecausethecompilerhandlesthis
optimizationbetterthanwe canat thesourcelevel in this case.

Likewise, basicblock schedulingis correctly handledby the compiler. We have
usedtwo stripmine and threeinterchange transformationsto tile the two nested
loopsiloop andjloop . Fig.13-(b)shows a fragmentof the resultingcodewhenthe
valuesof blockingare1 for iloop and4 for jloop .

For the L2 andL3 tilings, copiesof a, b andc aremadein order to have all the
elementsof thesubmatricesin acontiguousmemoryblock.

6.2 Optimization Tuning

Expressingtheoptimizationis only onesteptowardshighperformancecode.Theother
importantstepconsistsof �nding the right valuesfor the parameters.Many search
strategiescanbeapplied,suchasthesearchemployedby ATLAS.

For DGEMM, we performedanexhaustivesearchfor theappropriatetile sizesaround
theexpectedvalues.Comparisonwith thenaivecodeshowsaspeed-upof 80(for matri-



cesof size600� 600).Figure14showsthatcodeoptimizedwith theX languageoutper-
formsATLAS for all matrixsizeswhencouplingit with acustommemorycopy routine
calleddcopy . This routinewasautomaticallyproducedby a specializedassemblygen-
erator, theXemsysLibrary Generator[28], usinghardwareperformancecountersand
staticanalysisof theassemblycode[9].

Couplingour codewith the lessspecializedcopy routineof the Intel Math Kernel
Library (MKL) yieldsperformanceonparwith ATLAS onaverage,andusingtheplain
memcopy subroutineof theC library degradesperformanceslightly.

Fig. 14. Preliminary results comparing ATLAS to naive code with pragmas for DGEMM.

Theseresultsare very encouraging.Yet the peak architecturalperformancefor
matrix-matrixproducton Itaniumis 0:5 cycle per fma operation,andtheMKL imple-
mentationof dgemmdoesachieve0:55cycle perfmaon average,which is 10%to 15%
fasterthanATLAS andtheX-languageimplementation.Our futurework includesthe
continuationof ourX-languageexperimentto fully reproduceor outperformtheMKL,
showing that theaddedproductivity in adaptive library developmentcantranslateinto
addedperformanceaswell (with respectto manualdesignslike ATLAS).

7 Relatedwork

It is well known that manualoptimizationsdegradeportability: the performanceof a
C or Fortrancodeon a given platform doesnot say muchaboutits performanceon
differentarchitectures.Severalworkshavesuccessfullyaddressedthis issue,notby im-
provingthecompiler, but throughthedesignof application-speci�cprogramgenerators,
a.k.a.activelibraries[26]. Suchgeneratorsoftenrely onfeedback-directedoptimization
to selectthebestgenerationstrategy [23], but notexclusively [29]. Themostpopularex-
amplesareATLAS [27] for densematrixoperationsandFFTW[10] for thefastFourier
transform.Suchgeneratorsfollow aniterativeoptimizationscheme.Mostoptimizations
performedby thesegeneratorsareclassicallooptransformations;someof theminvolve
domainknowledge,from thespecializationandinterproceduraloptimizationof library
functions[3,8], to application-speci�coptimizationssuchasalgorithmselection[17].



Recently, theSPIRAL project[21] pioneeredtheextensionof this application-speci�c
approachto a whole domainof programs:digital signal processing.This project is
onestepforwardto bridgethegapbetweenapplication-speci�cgeneratorsandgeneric
compiler-basedapproaches,andto improvetheportabilityof applicationperformance.

Beyondapplicationspeci�c generators,iterativeoptimizationtechniquesproveuse-
ful to drive complex transformationsin traditionalcompilers.They usethe feedback
from realexecutionsof theoptimizedprogramto exploretheoptimizationsearchspace
usingoperationsresearchalgorithms[15], machinelearning[17], andempiricalexperi-
ence[18]. In theory, iterative optimizationis fully disconnectedfrom thetechnicalim-
plementationof programoptimizations.Yet generative approachessuchasmultistage
evaluationavoid thepattern-matchinglimitationsof syntactictransformationsystems,
whichimprovesthestructureof thesearchspaceandtheapplicabilityof empiricaltech-
niques.Indeed,systematicexplorationtechniquesrequirea higherdegreeof �e xibility
in programmanipulationthantraditionalcompilerframeworks[5].

We thusadvocatea framework that would allow the domainexpert to designand
expresshis own transformations,andto meta-programthe searchfor optimal perfor-
mancethroughiterative optimization[4]. This goal is similar to theoneof telescoping
languages[3,13], acompilerapproachto reducetheoverheadof callinggenericlibrary
functionsandto enableaggressiveinterproceduraloptimizations,by makingtheseman-
tical informationabouttheselibrariesavailableto thecompiler. Beyondlibraries,simi-
lar ideashavebeenproposedfor domain-speci�coptimizations[16]. Theseworkshigh-
light theincreasedneedfor researchersanddevelopersin the�eld of high-performance
computingto meta-programtheir optimizationsin a portablefashion.

Anotheralternative is multistageevaluation. Most programminglanguagessupport
macro expansion, wherethe macrolanguageallows a limited amountof control (not
recursive,in general)oncodeparts.Yetmultistageevaluationdenotesthesyntacticand
semanticsupportallowingaprogramto generateanotherprogramandexecuteit, having
multiple programlevels cooperateandsharedata.String-basedmultistagelanguages
supporttruerecursionandcooperationbetweenlevels,but offer nosyntacticguarantees
on thegeneratedcode;themostwidely usedarethevariousshell interpreters,andthe
currentversionof theX languageis alsoof this kind. To increaseproductivity, struc-
tured multistagelanguagesenforcesyntacticcorrectnessof the generatedcode:e.g.,
C++ expressiontemplates[25], `C [19] andJumbo[12]. To furtherincreaseproductiv-
ity andeasedebugging,a few multistagelanguagesguaranteethat thegeneratedcode
will notproduceany compilationerror(syntax,de�nition andinitializationerrors,type
checking):e.g.,MetaML andits successorMetaOCaml[2,24].Theaddedsafetyis very
valuableto increasetheproductivity of programgeneratordesigners,but theassociated
constraintsmay alsocomplicatethe meta-programmingof speci�c optimizations[4].
Up to now, themultistagelanguageandmeta-programmingcommunityhasmostlyfo-
cusedon general-purposetransformationslike in partialevaluation,specializationand
simpli�cation. Thesetransformationsareuseful,in particularto lower the abstraction
penalty, but far from suf�cient to adapta compute-intensive applicationto a complex
architecture.As a matterof fact, researchon generative programmingandmultistage
evaluationhasnot greatlyin�uenced thedesignof high-performanceapplicationsand



compilers,mostapplication-speci�cadaptive librariesbeingad-hocstring-basedpro-
gramgenerators.

The TaskGraphlibrary [1] is closely relatedwith the X language.It combinesa
structuredmultistageevaluationlayer built on top of C++ expressiontemplates,with
run-timegenerationandcompilation,andwith a transformationtoolkit basedon SUIF
(1.3) [11] and/orROSE[22]. It is not a languageper se,but a setof C++ templates
andclassesassociatedwith customizablesource-to-sourcetransformationcapabilities.
As such,it shouldbe understoodlike theunderlyinginfrastructureto build a general-
purposemultiversioninglanguagesuchasX. We preferredto redesignour own infras-
tructurefor multistageevaluationandsource-to-sourcetransformation,for thesake of
simplicity, to avoid thememoryandcodeoverheadof C++ templates,andbecausewe
donot currentlyaim for run-timecodegeneration.

8 Conclusions

We presentedthedesignof theX language,aimedfor applicationexpertswho wish to
implementadaptive programswithout knowledgeof compilerinternals.The language
is designedsothat it is easyfor theprogrammerto generatemultiversionprograms,to
specifywhich transformationsto applyon eachprogrampart,andto tunetheorderor
theparametersof thetransformations.Theparametersdriving thegenerationof a spe-
ci�c programversionandtheapplicationof programtransformationscanbedetermined
usingempiricalsearchorchestratedby a searchenginewhich couldusethetargetma-
chineto evaluatetheperformanceof eachversionof theprogramor rely on analytical
models.

TheX languagecombinestheexpressivepowerof multistagelanguageswith a �e x-
ible pattern-matchingandrewriting languageto implementandcomposecustompro-
gramtransformations.Also thelanguageis still in its infancy, we presentedpromising
resultson mimicking the codegeneratorfor DGEMM (matrix-matrixmultiplication)
in ATLAS [27]. This experimentdemonstratesvastamountsof productivity improve-
ments,comparedto the manualimplementationof an ad-hoccodegeneratorin C, as
well asgoodperformanceresults.

Our futurework will includea morethoroughexperimentwith theongoingdesign
of an active library for adaptive, block-recursive linear algebracomputations.For in-
creasedproductivity,wealsoplantoprovideamorestructuredmultistagesub-language,
andto integratetheresultsof pointeranddependenceanalysesasindicativefeedbackto
theprogrammer. Suchstaticanalysesshouldalsoenablethedesignof smarter(higher-
level) transformationprimitives.In the longerterm,we alsowish to investin a more
robustimplementationof theX language,basedon a run-timecompilationframework,
like ROSE[22] or TaskGraph[1], and/orusinga moreabstractcoderepresentationin
thepolytopemodel[5]. Ourmainlong-termgoalis theadoptionby applicationexperts
with little interestin compilerdesignandimplementation.
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