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Abstract. The recentproliferationof the SingleInstructionMultiple Data(SIMD) modelhasleadto a wide
varietyof implementations.Thesehave beenincorporatedinto many platforms,from gamingmachinesandem-
beddedDSPsto generalpurposearchitectures.In this paperwe presentanautomaticvectorizerasimplemented
in GCC- themostmulti-targetablecompileravailabletoday. We discusstheconsiderationsthatareinvolved in
developinga multi-platformvectorizationtechnology, anddemonstratehow our vectorizationschemeis suitedto
a variety of SIMD architectures.Experimentson four differentSIMD platformsdemonstratethatour automatic
vectorizationschemeis able to efficiently supportindividual platforms,achieving significantspeedupson key
kernels.

1 Introduction

In recentyearsa wide rangeof moderncomputationalplatformshave incorporatedSingleInstructionMulti-

ple Data(SIMD) extensionsinto their processors.SIMD capabilitiesarenow commonin moderndigital signal

processors(DSPs),gamingmachines,andgeneralpurposeprocessors.TheseSIMD mechanismsallow architec-

turesto exploit thenaturalparallelismpresentin applicationsby simultaneouslyexecutingthesameinstructionon

multiple dataelementsthat arepacked in “vector” registers.Optimizing compilersusevectorizationtechniques

[20] to exploit theSIMD capabilitiesof thesearchitectures.Suchtechniquesrevealdataparallelismin thescalar

sourcecodeandtransformgroupsof scalarinstructionsinto vectorinstructions.However, it is oftencomplicated

to apply vectorizationtechniquesto SIMD architectures[15]. This is becauseSIMD architecturesare largely

non-uniform,supportingspecializedfunctionalitiesanda limited setof datatypes.Vectorizationis often further

impededby theSIMD memoryarchitecture,which typically providesaccessto contiguousmemoryitemsonly,

with additionalalignmentrestrictions. Overcomingthesearchitecturallimitations requiresspecialmechanisms

thatwidely differ from oneSIMD platformto another. A vectorizingcompilermustbeawareof thesecapabilities

with theirassociatedcostsandusethemappropriatelyto producehighquality code.
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In thispaperwediscussthechallengesandconsiderationsthatareinvolvedin developinganauto-vectorizerthat

is high-level, genericandmulti-platform,andon theotherhand,makeslow-level platform-dependentdecisionsto

generatethemostefficientSIMD codefor eachtargetplatform.Wepresentsomeof thehigh-level abstractionswe

introducedinto theGCCintermediatelanguage(IL) in orderto expresssomeof theuniquearchitecturalfeatures

of SIMD platforms,anddemonstratehow theseabstractionsmeettherequirementsof severalSIMD architectures.

To thebestof our knowledge,this is thefirst effort thatappliesvectorizationtechniquesin a truly multi-platform

settingwhich involvesseveraldifferentSIMD extensions.Suchaneffort facilitatesa comprehensive comparison

of thekey architecturalfeaturesof variousSIMD platforms,presentedheretogetherwith actualcodeexamplesand

experimentalresultsthat aregeneratedfor several differentSIMD architecturesusingonevectorizingcompiler.

Furthermoreour compilationplatformis freely available,allowing anyoneto reproducethetechniquespresented

in thispaperonany SIMD platformsupportedby GCC.

Thepaperis organizedasfollows: Section2 providesbackgroundonourcompilerandvectorizeranddiscusses

themulti-platformaspectsof ourwork. Sections3 and4 describehow thechallengesandconsiderationsthatwere

introducedin Section2 areput in practiceto supporttwo specificfeatures:alignmentandreduction.In Section5

wepresentexperimentalresults,demonstratingsignificantperformanceimprovementsacross4 differentplatforms

(Figure7). Section6 presentsrelatedwork, andsection7 concludes.

2 GCC and the Multi-Platform Vectorization Challenge

2.1 GCC Overview

TheGNU CompilerCollection(GCC)projectof theFreeSoftwareFoundation[6] isoneof themostwidespread

andmulti-targetablecompilersin usetoday, andis thede-factostandardin theLinux eco-system.GCCusesmul-

tiple levels of intermediatelanguages(IL) in thecourseof translatingthe original sourcelanguageto assembly.

Traditionally, GCCperformedits optimizationsonasingleIL calledtheRegisterTransferLanguage(RTL) which

is fairly low-level, and not amenableto complex transformations.During the GCC 4.0 developmentcycle, a

new higherlevel intermediatelanguagecalledGIMPLE wasintroduced[11]. This new IL supportsStaticSingle

Assignment(SSA) [14] and retainsenoughinformation from the sourcelanguageto facilitate advanceddata-

dependenceanalysisandaggressive high-level optimizations.Thehigh-level target-independent GIMPLE state-

mentsarelatertranslatedto RTL instructionswhichdirectlycorrespondto thetargetinstructionset(seeFigure1).

This is wheretarget-dependentoptimizationsareapplied,suchasinstructionscheduling,softwarepipeliningand
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Figure 1. High-le vel structure of GCC

registerallocation.

Eachplatform that GCC supportshasa target-specific“port” that modelsthe target processorinstructions

usingmachine description (md) files. Whenbuilding the compiler, a setof datastructuresis initialized

accordingto theinformationin thesefiles. Onesuchdatastructureis theoptabs (operationtables),whereGCC

recordstarget-specificinformationfor a setof genericoperations.Theoptabsprovide a meansfor thecompiler

optimizationsto querywhich operationsaresupportedon the target platform,andfor which operandtypes. As

thefollowing sectionsreveal,in orderto expresssomevectorconceptsin GCCweaddednew operations(optabs)

to GCC,andnew IL idioms (operation-codes)to representtheseoperationsin GIMPLE. Using this mechanism

GCCcanbeconfiguredto generatecodefor morethanthirty differentcomputerarchitectures.Thisflexibility and

portability is oneof thereasonsthatuseof GCChasbecomepervasive throughoutthesoftwareindustry.

2.2 The GCC Vectorizer

On January1st,2004,we providedthefirst versionof auto-vectorizationin GCC[5], which is now partof the

official GCC 4.0 release.The auto-vectorizercurrentlyappliesto countableinnermostloopsof arbitrarycounts

thatmaycontainsomecontrol-flow constructs(which areif-converted),andthatcontainaccessesto consecutive

memoryaddresseswhich may or may not be aligned. Additional capabilitiesareconstantlybeingdeveloped.

Amongthemostrecentadditionsintroducedto GCC4.1aretheauto-vectorizationof reductionoperationsandthe

useof loop-versioningasanothermeansof handlingmisalignedaccesses.

Oneplatformdependentparameterthat is importantfor vectorizationis thevectorsize(VS), which eachrel-

evant platform needsto define(in its md file). The numberof elementsthat canfit in a vectordeterminesthe

VectorizationFactor (VF), the amountof dataparallelismthat canbe exploited. A vectorof size16 bytesfor

example,canaccomodate16 byte-elements(chars),8 half-word-elements(shorts),and4 word-elements(ints).

Table1 summarizesthis informationfor a setof GCCtargets,alongwith thedata-typesthateachtargetsupports
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Platform ISA extension VS DataTypes
IBM/Motorola/ApplePowerPC AltiVec 16 char, short,int, float
Intel/AMD ia32 SSE 16 char, short,int, float,double
Intel/AMD ia32 MMX, 3dNow! 8 char, short,int, float
Intel ia64 8 char, short,int, float
FreescaleE500 SPE 8 char, short,int, float
MIPS MDMX, MIPS3D 8 char, short,int, float
Sparc SparcVIS 8 char, short,int
HP Alpha MAX 8 char

Table 1. SIMD platf orms summar y

in its SIMD unit. Alpha for exampledoesnot have a SIMD unit, but cansupporta few operations(max,min and

widening)on multiple charsin parallel. Someoperationscanbevectorizedwithout a SIMD unit, by exploiting

sub-word parallelismin datatypeslike int (e.g. operatein parallelon 4 charspacked in oneint). For example,it

is possibleto performadditionfor charson theAlpha , with therequiredbit manipulationsdonein software.

2.3 Introducing vector operations to the GIMPLE IL

In GIMPLE, vectoroperationsaregenerallyrepresentedlike scalaroperations— thesameoperation-codesare

used,but theargumentsareof vectortype.This is suitablefor “pureSIMD” operations,in which thefunctionality

representedby theoperation-code(e.g.addition)is performedon eachelementof thevector. Othervectoropera-

tionslike reductions,alignment-supportmechanismsandvectorelementshuffling operations,aremeaninglessin

thecontext of scalarcomputationsandthereforewerenotavailablein GIMPLE. In orderto expressthesemecha-

nismsin thevectorizedGIMPLE IL, wehadto introducesomenew platform-independentabstractions.While the

high-level representationin GIMPLE simplifiesanalysescritical for vectorizationsuchasalignment,aliasingand

loop-level data-dependences,GIMPLE is lessappropriatefor accessingtarget specificinformation,andexpress-

ing target-dependentconstructs.This sectiondiscussestheissuesandconsiderationsinvolved in introducingnew

vectoroperationsto GCCandtheGIMPLE IL.

Generality vs. applicability: Whenintroducinga new operation,a naturaldesireis to usean abstractionas

generalaspossible.This approachminimizesincreaseof operation-codesby allowing to reusethemfor different

purposes.For example,a generaldata-permutationabstractioncanbeusedto representalignmenthandling,data

packing/unpackingfor type conversions,table lookups,and more). A generalabstractionmay also be useful

for representingpowerful mechanismsthat future targetsmay needto express. On the other hand,a general

abstractionmay be too generalfor certaintargets. Indeed,an interestingchallengeariseswhen one platform

supportsmechanismsthat are too generalcomparedto what is available to otherplatforms. Going backto the
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permutationexample,mostSIMD targetssupportonly a specialcaseof permutations,but not a generalarbitrary

permutesuchasavailable in Alti vec. In suchcaseswe needto bridgethe gapbetweenthe differentplatforms.

In the perumte case,we avoid introducinga genericarbitrary permutationfor expressingfunctionality that

can be addressedwith simpler mechanismsthat bettermatchthe technologyavailable to the target platforms

(e.g. therealign load in Section3) Finally, oneshouldalsoconsiderwhatkind of operationsan automatic

vectorizerwill beableto exploit. In caseswherethevectorizercanuseonly a limited functionality, it is lessuseful

to introduceamoregenericform.

Compound operations vs. basic operations: SIMD architecturesoften have specializedsupportfor certain

compoundoperations, suchasvectorsubtractandsaturate.In principle,it is desirableto avoid introducingunnec-

essarilycomplicatedoperationsto theIL if they couldberepresentedwith a sequenceof morebasicoperations.

Usingbasicoperationsnotonly reducesthenumberof new operation-codes,but alsoreducesthenumberof ways

acertainfunctionalitycanberepresented,thusmakingit easierfor theoptimizersto determinethecanonicalrep-

resentationof expressionsin the IL. In addition,exposingthe basicoperationscanincreasethe effectivenessof

optimizationsasopposedto having one“black-box” operation.On theotherhand,it is often thecasethat if the

higher-level idiom is detectedandconveyedin theIL, bettercodecanbegenerated,assometargetsoftendirectly

supportthe compoundoperationbut do not directly supportthe morebasicfunctionalitiesthat it encapsulates.

This is thecasefor examplein reductionidiomslike dot-productandsum-of-absolute-differences, thatareoften

directlysupportedby targets,but thebasicoperationsthattheseidiomsencapsulate,namelywidening-summation

andwidening-multiplication,have lessefficient support.

IL conventions: Attention mustalsobe paid to existing GCC operationsandconventions. Specifically, we

wantto (1) reuseexistingoptabsandoperation-codewhereapplicable,(2) useconventionalsemanticsanddefault

values(for example,shift operationsin GCCspecifytheshift amountin bits;while it couldbeusefulto introducea

vectorbyte-shiftoperation,asin section4, this is inconsistentwith therestof thecompilerandmaybeconfusing),

(3) useterminologythatdoesnot conflict with existing termsof SIMD extensionson differenttargetsor existing

RTL operation-codes,and (4) provide clear definitionsof the new operationsand avoid ambiguity (e.g. with

respectto endianess).

Performance: Lastbut not least,we alwaysstrive to generatestatementsthatwill eventuallytranslateinto the

mostefficient instructionsavailableon a target.
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3 Alignment Idioms

Oneof thedifficultiesthatariseswhenvectorizingfor SIMD is thealignmentconstraintsof theSIMD memory

architecture.Accessingablockof memoryfrom a locationwhich is notalignedonanaturalvectorsizeboundary

is almostalways prohibitedor bearsa heavy performancepenalty. Thesememoryalignmentconstraintscan

be handledin software using datareorderingmechanisms.Suchmechanismsare costly, and usually involve

generatingextra memoryaccessesand specialcodefor combiningdataelementsfrom different vectors. The

vectorizermust be aware of the available alignmentmechanismsin order to determinewhethervectorization

is possibleandprofitable. It alsoneedsto generatecodethat correctlyandefficiently accessesdatalocatedat

potentiallyunalignedmemoryaddresses,which implies that low-level alignmenthandlingconstructsneedto be

abstractedandexpressedin theGIMPLE IL.

In devisingouralignmenthandlingschemewetriedto identify commonalignmentmechanismsbetweentargets

andabstracttheminto alignmenthandlingschemesthatareexplicitely expressedin GIMPLE. As demonstrated

below, SIMD alignmentmechanismsvarygreatlyfrom platformto platform,but thereis alsoa lot of commonality

betweengroupsof platforms.For clarity, we focusin thissectiononunalignedloads;thecaseof unalignedstores

is largely symmetric.

3.1 Overview of alignment mechanisms across different platforms

Alignment-relatedmechanismsin SIMD platformssupportoneor moreof thefollowing capabilities:(1) mem-

ory read/writeto an unalignedmemorylocation,(2) generalvectorshuffling utilities (not specificto alignment

handling),and(3) specializedalignmentsupport.This sectionprovidesanoverview of theavailablecapabilities

in thesethreecategoriesacrossdifferentSIMD platforms. We refer to Figure2 to illustratessomeof theseca-

pabilities. The figure shows an accessto an unalignedaddress(assumingvectorsizeVS=16 bytes,and4 byte

elements,laid out in memorystartingfrom alignedaddress0). Trying to fetch thedataelements[c,d,e,f] into a

vectorregisterresultsin anunalignedloadfrom address8.

(1) Unaligned memory accesses. Thebehavior of avectorloador storeinstructiongivenanunalignedaddress

differsfrom platformto platform.TheIntel MMX andSSEISA extensionsaretheonly SIMD platformthathave

instructionsthatwill properlyoperatewith anunalignedaddressandwill directly fetchelements[c,d,e,f]. How-

ever, theseinstructionsaremorecostly thanalignedmemoryaccessesandshouldbeavoidedwhenever possible.

Most SIMD platformshave loadandstoreinstructionsthatdrop the low orderbits of theaddress,accessingVS
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Figure 2. Unaligned access. Left: data in memor y. Right: data in vector register s

bytesstartingfrom the “floor aligned”address(the closestprevious alignedaddress).A load from address8 in

Figure2 usingtheseinstructionswill fetchelements[a,b,c,d].Thisbehavior canbeseenin theAltiVec,MIPS-3D,

andAlpha instructionsets.Lastly, someplatformswill simply trapuponaccessto anunalignedaddress;examples

hereareIA-64 andSPE.

(2) General vector-merge mechanisms. A logical way to handlemisalignedaccessesmakesuseof general

utilities to shuffle elementsbetweenvectors,usingmechanismslikevectorshifts,rotatesor permutes.Thegeneral

ideais to accesstheneighboringalignedlocationsjustbeforeandaftertheaddressin question,loadthetwo setsof

elementsinto vectors,andextractandmergetherelevantelementsfrom there.Lookingat theexamplein Figure2,

this meansloadingelements[a,b,c,d]from thealignedaddress0 into onevector, loadingelements[e,f,g,h] from

the alignedaddress16 into anothervector, andextractingelements[c,d] and [e,f] from thesetwo vectorsand

merging theminto a third vector.

This canbedoneusinga double-vectorshift operation.It takestwo vectorsanda shift amountasparameters,

andtreatsthedatain thetwo input vectorsasonestreamof elements(asif they areconcatenated)andshifts this

streamasawholeby theshift amount.Usingthemisalignmentvalueastheshift amount(8 bytesin theexample)

wouldbringthedesiredelementsinto onevector. Unfortunately, while mostSIMD targetshavesingle-vectorshifts

(shitingbits within a singlevector),few have double-vectorshifts. Eventhen,theshift amountmayberestricted

to immediateshift counts,andthereforecannotbeusedif themisalignmentamountis unknown atcompiletime.

Anothergeneralmechanismthatcanbeusedis apermute operation.As with adouble-vectorshift operation

it alsoextractsonevectorfrom two vectors.An additionalargumentis a permutationmaskthat, for eachof the

elementsin theoutputvector, specifieswhichelementfrom thetwo input vectorsto copy over to eachelementof

theoutputvector. In our examplein Figure2, apermute operationwith mask(2,3,4,5)will extract thedesired

elementsat theseindicesin theconcatenatedvector. Permutescanalsobeusedto implementvectorshifts,andfor
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otherpurposesbeyondhandlingalignment.

Themostimportantthing to noticeabouttheshift andpermuteidiomsis thatonmostplatformstheseoperation

arenot supportedin their genericform, andusuallyrequireimmediatevaluesto the instructions,or allow only a

fixed permutation.Only the AltiVecvperm instructionallows arbitrary, variablepermutation.Otherplatforms

(MMX, SSE,MIPS, IA-64 andSPE)eitherhave instructionsto merge thehigh andlow partsof two vectors,or

somethingakin to theAltiVecvperm, but acceptsonly animmediateconstantin theinstruction.

(3) Specialized realignment mechanisms. Sometargetsoffer additionalspecializedinstructionsto handle

unalignedaccesses.The MIPS MDMX integral vectorextensionis uniquein usingload-left andload-right in-

structionsto handlemisalignedmemoryoperations.In all othercasestheplatformsusedatafrom two sequential

floor-alignedaddresses,somefunction of the misalignedaddress,andsomeinstructionsequenceto merge and

extractthedesiredresults.

Thesimplestform of thisis foundin MIPS64in thealnv.ps instruction,wherethefunctionof themisaligned

addressis 8 timesthe bottomthreebits, andthis oneinstructionis the whole of the sequence.In this case,the

instructionextractsthelow 3 bits from aregisterholdinganaddressandusesthatasinput to ashifteroperatingon

two registersholdingtheinput vectors.A slightly morecomplicatedform existson Alpha,wherea sequencethe

extql andextqh instructionsmaybeusedtogetherwith anor instructionto performthesameoperationasthe

MIPSalnv.ps. Themostgeneralform of the“function of themisalignedaddress”existsin theAltiVec’slvsr

instruction.In this casethe instructionextractsthebottomfour bits andcomputesa vectorresultappropriatefor

inputasapermutationmaskto thevperm instructiondiscussedpreviously.

3.2 Abstract GIMPLE alignment handling scheme

Amid thediversityof thealignmentmechanismspresentedabove,it ispossibleto identifyclassesof mechamisms

thatcanbemappedinto two generalalignmenthandlingschemes,alongwith appropriateGIMPLE abstractions.

Thekey factorthatdifferentiatesthetwo mechanismsis whetheror notthey allow exploitationof datareuseacross

loop iterations.As describedabove, someplatformshandlealignmentby loadingtwo consecutive vectorssuch

thateachstepof thecomputationloadsavectorthatwasalsoloadedby thepreviousiteration.Goingbackto Fig-

ure2, we loaddatafrom addresses0 and16 in orderto fetchelements[c,d,e,f];we thenloaddatafrom addresses

16and32 in orderto fetch[g,h,i,j], thusloadingfrom address16 twice. If wecanreusethethisdata,wecanlimit

thecomputationwithin eachstepto asinglevectorloadanda mergeoperation,asshown in Figure3b.
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Target misaligned-load align-ref load realign rt
AltiVec lvx vperm lvsr
SSE movdqu
MIPS-3D luxc1 alnv.ps address
MIPS64 ldl, ldr
alpha ldq u extql, extqh,or address

Table 2. Unaligned load suppor t across platf orms

Whena platformhasalignmentmechanismsthatallow this kind of optimization,we try to exposetherelevant

buiding blocksof thescheme,so that they canbemoved aroundby theGIMPLE optimizers.For that,we need

to introduceGIMPLE idiomsthatabstractthesebuilding blocks. We refer to this alignmenthandlingschemeas

the“software-pipelinedrealignment”scheme,asit hastheeffect of software-pipeliningthevectorloads. When

the alignmentmechanismsthat a platform provideshave to be executedasonebatch,thereis no advantagein

exposingthemto GIMPLE, andwe usea single idiom to abstractthem. We refer to this schemeasthe “direct

realignment”scheme.

3.2.1 The direct realignment scheme

Thisschemeusesasingleidiom to abstracttheactualimplementationof themisalignedaccess.For thatweneeded

to introducea data-referenceidiom thatwill representanunalignedaccess,andthatwe coulddistinguishfrom a

regulardata-referenceto analignedaddress.

Loadsandstoresarerepresentedin GCCasamove operation,thatmovesdatabetweenmemory(representedby

adata-referenceoperation-code.e.g.array ref) andaregister. Thevectormemory-referenceswecreateduring

vectorizationarepointerbasedreferences,representedby the(existing) operation-codeindirect ref(ptr).

Weuseit whenthememory-referenceisaligned,andanew operation-code- misaligned indirect ref(ptr,mis)

to expressan accessto an address(pointedto by ptr) whosemisalignmentis mis. mis is an integer con-

stant; when the misalignmentis unknown at compile time, we set it to 0. We also introduceda new kind of

move operationto GCC - movmisalign, which also serves as an API for the vectorizerto query whether

this kind of functionality is supportedby the target. The subsequentRTL expansionroutinesexpandthemis-

aligned indirect ref idiom to theappropriatecodesequencefor eachplaform.Column”misaligned-load”

in Table2 shows thecodethatamisaligned indirect ref correspondsto oneachplatform(if available).
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(a) realignmentidioms,unoptimized:

LOOP:
vec1= align_ref(addr_i)
vec2= align_ref(addr_i+VS-1)
vec3= realign(vec1,vec2,rt)
addr_i += VS
END_LOOP

(b) optimized,with a targethook:

vec1= align_ref(addr_0)
rt= call gen_RT(addr_0)
addr_i= addr_0+VS-1
LOOP:
vec2= align_ref(addr_i)
vec3= realign(vec1,vec2,rt)
vec2= vec1
addr_i += VS
END_LOOP

(c) optimized,w/o a targethook:

vec1= align_ref(addr_0)
addr_i= addr_0+VS-1
LOOP:
vec2= align_ref(addr_i)
vec3= realign(vec1,vec2,addr_i)
vec2= vec1
addr_i += VS
END_LOOP

Figure 3. Software-pipelined realignment

3.2.2 The software-pipelined realignment scheme

Twomainbuilding blocksarerequiredfor thesoftware-pipelinedrealignment.Thefirst is amechanismto generate

floor alignedmemoryreferences.For thiswecreatetheoperationcodealign indirect ref. Column“align-

ref load” in Table2 shows how this idiom is supportedon differentplatforms.

The secondbuilding block is a mechanismto expressa merge-like operationof two vectors,extracting the

relevant dataelementsaccodingto the misalignmentof the address.For this we createtheoperationcodere-

align load; it takesthreearguments:twovectors,andarealignment token. Therealignment token

canbe an address,a bit mask,a vectorof indices,an offset, or anything that canbe generatedasa function of

the respective address.We definethe functionality of realign load in termsof mis - the misalignmentof

theaddress(i.e. address&(VS)), asfollows: ThelastVS-mis bytesof vectorvec1. areconcatenatedto thefirst

mis bytesof thevectorvec2.Figure3aillustrateshow theseidiomsareto beusedin orderto supportunaligned

accesses.

Considerthepseudo-codein Figure3. Notethat theoffset for thesecondloadis VS � � , notVS. This is done

to avoid readingbeyond theboundariesof thearrayin the casethat theendof thearrayis pagealigned. Using

VS � � asanoffsetis justamoreefficientwayof advancingtheaddressby VS guardedby antestthatchecksthat

theaddressis unaligned.

Theform of therealignmenttoken(RT) canbeverydifferentbetweensystems.As shown in Table2, for Alti vec

RT is apermutationmaskexpressedusingavector, andfor AlphaandMIPSis is anaddress.Wethereforewanted

to avoid predefiningatypeandsemanticsfor RT. Weaccomplishthisby introducingatargetintrinsic to determine

thetypeof RT. Thedetailsarehiddenfrom thevectorizerandGIMPLE behinda functioncall (thecall togen RT

in Figure3b). This functioncall is laterexpandedto theappropraiteRTL sequencefor eachtarget.
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The key elementabout the realign load, that lets it be generalenoughand yet not too generals,hide

low-level detailswhile maintaininglow registerpressureandallowing eachtarget to expressthebestalignment

handlingcapabilitiesit has,is theabstractionthattherealignment token provies.

Wealsoprovideadefault interpretationof theRT if a targetcansupporttherealign load idiom but doesn’t

have a specializedway to generatetheRT. In this casewe usetheaddressastheRT, asshown in Figure3c. As

illustratedin Table2, targetslike SSEthat requireRT to be a compile-timeconstantcannotusethe software-

pipelinedschemewhenthealignmentis unknown.

3.2.3 Other alternatives

Thealignmenthandlingschemedescribedabove wasdesignedaftercarefulconsiderationof severalalternatives.

Webriefly describethemhere.

Hiding the details, option 1: As illustratedin Figure3a,we couldhave kept thesequencethatconstitutesthe

software-pipelinedrealignmentsupportintact,hiding it entirelybehindthemisaligned ref idiom, relyingon

subsequentRTL level passesto find the datareuseacrossiterations(after the GIMPLE misaligned ref is

expandedinto a sequenceof RTL instructions)usingoptimizationslike predictive commoning,andsuperword-

registercaching[17]). However, the mostappropriateplacefor suchotimizationsin GCC is GIMPLE, where

mostof theloopanalysisengineis implemented.Therefore,theidiomswepresentedwouldhave to beexposedin

GIMPLE andexplicitly generatedby thevectorizer. In doingso,thevectorizercaneasilygeneratetheoptimized

coderatherthanleave it for post-vectorizationpassesto rediscover the optimizationpotential,especiallyaswe

wantthevectorizerto beawareof thecostsinvolvedin thetransformationit performs.

Hiding the details, option 2: Anotheralternative that alsohidesthe alignmenthandlingdetails, is to pro-

vide target-specifichooksin thevectorizerthat let eachport generatethemostefficient codefor its target,at the

GIMPLE level, usingblack-boxtarget specificfunctionsto expressalignmentmechanisms.This schemeis dis-

advantageousin several respects.First, a lot of the functionality that is commonto many targetswould have to

beduplicatedon multiple target ports. Second,thevectorizer, aswell asthe restof theGIMPLE optimizations,

would beunawareof thesemanticsof theseblack-boxfunctions,andwould have difficulty estimatingtheoverall

costof applyingvectorization,andoptimizingacrossthesefunctioncalls. We tried to minimize theuseof such

targetspecificfunctions,andintroducedonly thegen RT.
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Considering register pressure: Severaldifferentalternativescouldbeusedto setthethird argumentof are-

align load. Theoneschosenarethosethatdon’t unnecessarilyincreasetheregisterusagein theloop. This is

why (asshown in Figure3c)weusetheaddressaccessedat thesameiterationastherealign load, ( addr i)

ratherthanthe initial address( addr 0) or themisalignment,which will causefollowing passesto usetwo reg-

istersfor this loop whenonly oneis needed.This is alsowhy we let targetsdefinea specializedRT. Indeed,the

RT is calculatedasa functionof theaddress,andpotentiallyanaddresscould alwaysbeusedasthe third argu-

menttorealign load, hiding theintermediatestepof generatingtheRT from GIMPLE. However thisscheme

would endup eitherincreasingregisterpressureif addr 0 is used,or hinderingloop invariantcodemotion(i.e.

theRT generationcode)if insteadaddr i is used.

Using a more generic permute: Thefunctionalityaccomplishedby therealign load idiom canberepre-

sentedusingamoregenericpermute-likeoperation,whichcouldbeutilitized for otherpurposesbeyondalignment

handling.In otherwords,we coulddefineanidiom thatcanextractany permutationof elements,andnot neces-

sarily a consecutive permutationof elements.However this solutionis not suitablefor GCC,becausea permute

idiom hasto takeapermutationmaskasaninput,whichmeanswewouldhave to exposewhatRT means,whereas

many targetsdo not usea permutationmaskasan input to their realignmentmechanism.Also recall that most

targetsdon’t implementagenericpermute,but provideonly specializedcasesof permute.Therefore,realignment,

aswell asotherpotentialusesof apermute,wouldbemoreappropriatelyaddressedin GCCvia specializedidioms

ratherthanageneralpermute.

3.3 Putting it all together

Vectorizationof misalignedaccessesusingthe idiomsdescribedabove is only the laststepof alignmenthan-

dling. Dueto thepenaltiesassociatedwith thesemechanisms,techniqueslike looppeelingandstaticanddynamic

alignmentdetection[1, 9, 7] areoftenusedto eliminatemisalignedaccesses.Alignmenthandlingthereforecon-

sistsof threesteps: (1) staticalignmentanalysis. (2) transformationsto force alignment;The GCC vectorizer

usesloop versioningwith run-timealignmentchecks,andloop peeling,in order to force the alignmentof data

referencesin theloop. Notethatpeelingcanbeusedto forcethealignmentof only a singledatareference(DR),

sothevectorizerneedsto choosewhich DR to peelfor. (3) if data-referenceswhich arenot known to bealigned

still remainafter peeling/versioning,thevectorizerwill proceedto vectorizethe loop only if the target platform

providesmechanismsto supportmisalignedaccesses,usingtherealignmentidioms.
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(a)Alti vec: software-
pipelinedrealignment:

scalar_peel_loop:
mis = min(16-p&15,0);
for(i=0;i<mis;i++){
p[i] = p[i] + q[i];

}
alignment_setup:
neg r9,r9
lvsr v11,r0,r9
lvx v12,r4,r7
add r10,r4,r0

vectorized_loop:
li r9,0
for(i=mis;i<n/16;i++){
lvx v0,r10,r9
lvx v1,r9,r11
vperm v13,v12,v0,v11
vor v12,v0,v0
vaddubm v1,v1,v13
stvx v1,r9,r11
addi r9,r9,16
bdnz

}

(b) SSE:
directrealignment:

scalar_peel_loop:
mis = min(16-p&15,0);
for(i=0;i<mis;i++){
p[i] = p[i] + q[i];
}

vectorized_loop:
for(i=mis;i<n/16;i++){
movdqu (%edi,%edx),%xmm0
paddb (%edx,%eax),%xmm0
incl %ecx
movdqa %xmm0,(%edx,%eax)
addl $16,%edx
cmpl %esi,%ecx
bj
}

(c) alpha:
directrealignment:

scalar_peel_loop:
mis = min(8-p&7,0);
for(i=0;i<mis;i++){
p[i] = p[i] + q[i];

}
vectorized_loop:
for(i=mis;i<n/8;i++){
addl r31,r6,r1
addq r24,r1,r5
ldq r4,0(r5)
addq r1,r23,r1
ldq_u r3,0(r1)
ldq_u r2,7(r1)
extql r3,r1,r3
extqh r2,r1,r2
bis r3,r2,r3
and r4,r22,r1
and r3,r22,r2
addq r1,r2,r1
xor r4,r3,r4
and r4,r0,r4
xor r1,r4,r1
stq r1,0(r5)
addl r6,8,r6

}

(d) ia64: no realignment-
useloop versioning:

if (p and q are aligned) {
vectorized_loop:
for(i=0;i<n/8;i++){
ld8 r16 = [r14], 8
ld8 r14 = [r15] ;;
padd1 r14 = r14, r16 ;;
st8 [r15] = r14, 8

}
}else {
scalar_loop:
for(i=0;i<n;i++){
p[i] = p[i] + q[i];

}
}

Figure 4. Alignment handling code generated afor diff erent platf orms

Figure4 illustratesthe differentalignmenthandlingschemesgeneratedfor different targets. As an example

we usea simplechar-additionloop: �������
	������	�������	������
��� 	���� �!� 	��"�$#�� 	�� . p andq arepointerspassedas

argumentsto thefunction.For Alti vec,SSEandAlpha,thereadandwrite top[i] arealignedusinglooppeeling.

Theremaining(potentially)unalignedreadfrom q[i] is handledusingthemechanismsavailableto eachtarget.

For ia64we resortto loop versioningwith a run-timealignmentcheckto guardwhich loop will beexecuted.For

simplicity we usea constantloop bound,replacesomeof the assemblywith high-level pseudo-code,andadd

labels.

4 Reduction idioms

Reductionis a computationon the elementsof a vectorthat obtainsa singlescalarresult. Summingtheele-

mentsof a vector, or finding themaximum/minimumelementin a vectorareexamplesfor reductionoperations.

Reductioncomputationsinvolve a cross-iterationdependency, but in somecases(if theoperationis commutative

andassociative, andtheintermediatevaluesof thecomputationarenot used),thereductioncanbevectorizedby

13



changingthecomputationorderandaccumulatingpartial results,thatare“reduced”into thefinal resultafter the

loop.

Vectorizinga reductionconsistsof initialization beforethe loop, partial-resultscomputationinsidethe loop,

anda reductionfinalizationat theloopepilog.Thefollowing subsectionsdiscusstheissuesthatarisewhentrying

to definegenericidiomsto representthesethreepartsof thecomputation.

4.1 Reduction initialization

Considerthe casesof a summationreductionanda productreduction: %'&)(*�,+-�.�������
	�/0/0/0�1%'&)(2�3�345� 	�� and

�6���879�;:��.�����<�
	=/0/0/0�
�6���87?>��@4�� 	�� . Therearetwo alternatives for initializing the partial-resultsvectorsfor these

reductioncomptations:(1) Initialize thevectorsto [x,0,0,0] ([y,1,1,1])for thesummation(product).(2) Initialize

thevectorsto [0,0,0,0]([1,1,1,1])for thesummation(product),andadjustthefinal scalarresultat theloopepilog,

by addingx (multiplying by y). Thesecondoption is often moreefficient astargetsusuallyhave a mucheasier

way to initialize a vectorwith thesameconstantvaluethananything else.(e.g. Alti vec’svsplti* instruction).

At presentthis is theschemethatthevectorizeris using.

4.2 Partial sums

The initialized vectordescribedabove feedsthevectoroperationin thefirst iterationof the loop. This vector

operationaccumulatesthe partial resultsin the loop, andis representedtrivially by usingthe existing GIMPLE

operation-codes(addition, multiplication, maximum,minimum, etc.) operatingon vector-type elements,The

following stepneedsto operateacrosstheelementsof the lastvectorof partial resultsto producethefinal scalar

valueandis describednext.

4.3 Reduction epilog

Therearethreedifferentwaysto implementthereductionepilog: (1) useaspecializedreduc op idiom thatis

directlysupportedby thetarget,(2) computetheresultsusingvectorshifts,or (3) computetheresultsequentially.

Thevectorizercanchoosewhichepilogschemeto generateaccordingto availabletargetsupport.Alternatively,

it candeferthedecisionuntil RTL expansion,andalwaysproducea black-boxreduc op duringvectorization

(ignoringwhichof thethreeschemeswill beexpanded).Sincetheepilogcanbequitecostly, wedecidedto expose

thesealternatives to the vectorizer, to allow it to properlyevaluatethe coststhat areinvolved in vectorizingthe
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(a) usingreducop:

va_3=phi(va_2)
va_4=reduc_op(va_3)
a_5=bitfield_ref(va_4,0)
...=use(a_5)

(b)usingshifts:

va_3=phi(va_2)
va_4=vec_shift(va_3,64)
va_5=vop(va_3,va_4)
va_6=vec_shift(va_5,32)
va_7=vop(va_5,va_6)
a_5=bitfield_ref(va_7,bitpos)
...=use(a_5)

(c) usingscalaroperations:

va_3=phi(va_2)
a_6=bitfield_ref(va_7,0)
a_7=bitfield_ref(va_7,32)
a_8=bitfield_ref(va_7,64)
a_9=bitfield_ref(va_7,98)
a_5=op(a_6,a_7,a_8,a_9)
...=use(a_5)

Figure 5. Three possib le reduction epilogs (for vector of 4 words)

loop. Also this canpotentiallyallow GIMPLE optimizationsto optimize this code. The threealternatives for

implementingthereductionepilogareillustratedin Figure5, anddiscussedbelow.

reduc op epilog. The reduc op in Figure5a standsfor any specializedreductionidiom that is directly

modeledin thetarget’s md file. For example,a commonlysupportedoperationamongSIMD architecturesis the

sumacrosstheelementsof a vector, thatcanbedirectly usedto reducethepartial resultsinto thefinal sum. We

repserentthisoperationwith areduc plus operation-code.

vector-shifts epilog Targetsthat supportwhole vectorshifts, can implementthe epilog asillustratedin Fig-

ure 5b. The numberof shifts requireddependson the numberof elementsthat areoperateduponin the vector

(log2(nelements)). This schemerequiresintroducingoperation-codesfor vector-shifts,anddefininga new

vector-shift operationin GCC.Oneapproachweconsideredwasto advertisetwo kindsof vector-shift operations.

Onethat is moregeneralandtakesan arbitraryshift amountin bits. The secondis the mostbasicvector-shift

we canintroduce- it takesa constnat(immediatevalue)shift amountin bytes.This hasthepotentialto beeasily

expandedto themostefficient code,andbeapplicableto asmany targetsaspossible:by supplyinganAPI that

would let thevectorizeraskfor preciselythecapabilityit needs(andall it needshereis avectorshift of aconstant

valuein bytes),we let targetsthatdon’t supportnon-constantshifts,or thatsupportonly byteshifts,to alsoenjoy

this feature.Examiningtheavailabletargetsupportseemsto supportthis approach.Alti vechasimmediatebyte-

shifts,andlessefficient non-immediatebit-shifts(becausethey requireputtingthescalarshift amountin a vector

registerfirst, anoperationthat is carriedout throughmemory);SSEalsohasonly immediatevectorshifts. How-

ever, we decidedto introduceonly thegeneralvectorshift. Onereasonis thatall othershifts thatGCCsupports

take theshift countin bits, andwe didn’t wantto createa confusion.Also, it is not thecommonpracticein GCC

to introducean operationboth in constant-argumentform andnon-constant-argument form. Most importantly,

we do not sacrificeperformancehereby introducingonly generalshifts,sincetargetsthatcan’t convey that they

supportgeneralvectorshifts,but thatdo have immediatevectorshifts,caninsteadadvertizethat they supportthe
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(a) ia64: reducopepilog(sfp):

mov f7 = f0
addl r14 = 511, r0
fpack f8 = f1, f1 ;;
mov ar.lc = r14

loop:
ldf8 f6 = [r14], 8 ;;
fpma f7 = f7, f8, f6
br.cloop.sptk.few loop ;;

epilog:
fswap f6 = f7, f0 ;;
fpma f6 = f7, f8, f6 ;;

extract_scalar:
getf.sig r14 = f6 ;;
setf.s f8 = r14

(b) Alti vec: shiftsepilog(sfp):

li r0,64
mtctr r0
vxor v1,v1,v1

loop:
lvx v0,r0,r9
addi v9,v9,16
vaddfp v1,v1,v0
bdnz loop

epilog:
vsldoi v0,v1,v1,8
vaddfp v0,v1,v0
vsldoi v1,v0,v0,12
vaddfp v0,v0,v1

extract_scalar:
addi r9,r1,28
stvewx v0,r0,r9
lfs f1,28(r1)

(c) SSE2:scalarepilog(dfp):

xorl %eax,%eax
xorpd %xmm0,%xmm0

loop:
addpd a(%eax,%eax),%xmm0
addl $8,%eax
cmpl $1024,%eax
jne loop

epilog:
movapd %xmm0,%xmm1
movsd %xmm1,-8(%ebp)
fldl -8(%ebp)
unpckhpd %xmm0,%xmm0
movsd %xmm0,-8(%ebp)
fldl -8(%ebp)
faddp %st, %st(1)

Figure 6. Reduction epilogs generated for a summation of floats

Domain Name Description Data-Type Features
linearalgebra saxpy constanttimesavectorplusavector floats
linearalgebra sdot dot productof two vectors floats reduction
video chromakey8,chromakey16 replacebeackgroundwith anotherimage chars,shorts if-conversion
general max s16,maxu8 find maximumover elemntsof avector signedshorts,unsignedchars reduction
general sum u8 summationof avectorelements (unsigned)chars reduction
video sad8 sumof absolutedifferences chars reduction

Table 3. Benc hmark Description

relevantreduc op operation,by implementingit usingimmediatevectorshifts in their machinedescription.So

wecankeeptheGIMPLE IL generalandclean,without lossof functionalityor performance.

Scalar epilog. The lastoptionwe resortto, if no othervectorsupportis available,is illustratedin Figure5c -

wesequentiallycomputethereductionon thescalarelements(thepartialresults)of thevector.

Figure6 showsanexampleof asummationreductionthatillustratesthedifferentepilogsgeneratedfor different

targets(we addedlabelsin the assemblyfor readability). For this examplewe show a single precisionfloats

reductionon ia64andAlti vec,anddoubleprecisionfloatsreductionon SSE2.ia64modelsthereduc op idiom

for this datatype usinga sequenceof two instructions.Alti vec usesthe shifts epilog in this case.SSE2usesa

scalarepilogto sum-upthefinal partialresults.

5 Experimental results

Theresultswepresentin thissectionweregeneratedautomaticallyusingtheGCC4.1compiler, andfor features

thathavenotyetbeenmergedinto themainGCCtrunkweusedtheGCCautovect-branchcompiler. Bothcompil-
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Figure 7. Auto vectorization speedups across diff erent platf orms.

ersareavailablefrom [6]. For obtainingtheexperimentalresultswefocusedon4 of the8 platformsthatGCCcan

currentlyvectorizefor (seeTable1), astheotherplatformswerenotavailableto us.Experimentswereperformed

on: (1) IBM PowerPCPPC970processorwith Alti vecsupport,(2) Intel Pentium4processorwith SSE2support,

(3) Itanium2,and(4) Alpha,all runningunderlinux. Table3 providesabrief descriptionof thekernelsusedin our

experiments.We reportthespeedupfactorsachieved by anautomaticallyvectorizedversionover thesequential

versionof thebenchmark,compiledwith thesameoptimizationflags. Time is measuredusingthegetrusage

routine,andincludesany overheadsintroducedby vectorization.Figure7a summarizesthespeedupfactorsob-

tainedonbenchmarksin which thealignmentof thedatais unknown, andFigure7bshows thespeedupswhenthe

datais aligned.

PPC970 Speedups (Altivec): On PPC970we would expectan improvementfactorof 2 on thefloatingpoint

(fp) computations(a 4-way SIMD unit vs. 2 scalarunits) andan improvementfactorof 4 on the fp loadsand

stores. The speedupfactorsobtainedon the fp benchmarksare within that range,achieving 3.4/1.9on sdot

(aligned/unalignedrespectively) and3.8/3.4onsaxpy. saxpy is morememoryintensive thansdotandthereforethe

higherspeedups.Thecomputationsonshortelementsareexpectedto obtainaspeedupbetween4 (an8-waySIMD

unit vs. 2 scalarunits)and8 (ontheloadsandstores).Additionalspeedupis expecteddueto improvedInstruction

Level Parallelism(ILP), asthe scalarinteger unit manipulatesthe loop index in parallel to the computationsin

thevectorunit. Thespeedupsacheivedare6.9/4.8onchromakey8 (aligned/unaligned) and13.7/11.5onmax s16.

Thesuper-linearspeedupson max s16arebecausethemax instructionis availableon thevectorunit, but not on

thescalarunit. Finally, thekernelsthatoperateon charsareexpectedto improve by a factorbetween8 (a 16-way
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SIMD unit vs. 2 scalarunits) and16 (on the loadsandstores),with additionalimprovementsdueto enhanced

ILP. Thespeedupsweobtainare25.2/19.7onsumu8(aligned/unaligned), 20.91/16.99onmax u8,13.37/8.19on

chromakey8, and14.11/10.18on sad8.Thesuper-linear improvementswe observe on sad8andmax u8 aredue

to theabsenceof amax andabs instructionson thescalarunit, while they areavailableon thevectorunit. The

super-linearimprovementonsumu8 is dueto suboptimalcodegenerationfor thescalarversion- anextracopy is

generatedthatalsocreatesdependenciesthathinderssubsequentoptimizations.

Pentium4 Speedups (SSE2): While theSSE2arhitecturesupports128bitvectors,thePentium4implementa-

tion canonly operateon 64bit simultaneously. Therefore,theexpectedimprovementon thefp kernelsis around

2, minus alignmenthandlingoverheadon the unalignedversions. Additional improvementsare expecteddue

to the fact that the scalarfp computationtakesplaceon the x87 fp stack,which is slower than the SSE2unit.

The speedupson the fp benchmarksare3.32/0.52on sdot(aligned/unaligned), and5.25/1.04on saxpy. Align-

menthandlingis very inefficient on SSE2becausethe software-pipelinedschemecannotbe usedhere(as the

alignmentsareunknown, andSSE2cannotsupportrealignmentin this case).The kernelsthat operateon short

elementsshouldenjoy an improvementfactorof 4 (becausethePentium4operatedon 64bit dataat a time). We

couldn’t measureresultson chromakey16 becauseconditionalvectoroperationsarenot yet modeledin theSSE2

md files (this is expectedto changein the nearfuture). On max s16we achieve a speedupfactorof 10.2/7.65

(aligned/unaligned). Thesuper-linear speedupis dueto inefficient codethat is generatedfor thescalarversion-

thesignedshortsareloadedwith zeroextensionandthenanextra copy with signextensiontakesplace. Indeed,

if we checkthe speedupson a similar kerneloperatingon unsignedshortswe get the expectedimprovements-

4.64/4.73(aligned/unaligned). Thecharkernelsareexpectedto improve by a factorof 8, minusalignmenthan-

dling overheadon theunalignedversions.Thespeedupswe obtainare7.66/4.98(aligned/unaligned)on sum u8

and9.28/6.63on max u8, which arewithin theexpectedrange,with additionalimprovementfor max u8 dueto

theavailability of themax instructionsin vectorform only. Currentlychromakey8 andsad8donotgetvectorized

onSSE2dueto lackof modellingin thetargetmd files (this is expectedto beaddedin thenearfuture).

Itanium2 speedups: Wewouldexpectanimprovementfactorof 2 for floats,astheSIMD float instructionsrun

on thesamefunctionunitsasthescalarfloat instructions.For integerdata,we would expecttheimprovementto

berelatedto thenumberof elementspackedin thewordsize.

The improvementfactor for the fp casesare0.98/1.38(aligned/unaligned) for sdotand2.06/2.21for saxpy.

Unfortunately, many of themeasuredresultsdonot liveupto expectationsdueto afailurein theinductionvariable
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eliminatoraffecting64-bit targets;this is believedto befixedonadifferentsourcebranch,but couldnotbemerged

to our working branchwithin time constraints.This is thereasonfor the low resultsin thealignedcasefor sdot.

In thecaseof saxpy, thescalarcodepathwasaffectedaswell, sowhile theabsoluteperformanceis notasdesired,

theimprovementfactorremainsasexpected.

On the integer sidewe have 2.45/2.13for chromakey16, 5.32/4.53for chromakey8, 5.55/2.45for max s16,

9.67/4.44for max u8. Currentlysad8is notmodelledin thetargetmdfile. In thecaseof chromakey, if-conversion

on vectorsis lessefficient thanon scalars;it is still valuable,but theresultsareonly half linear improvement.In

thecaseof max,theraw maxoperationis availableto scalarcode,sotheonly possiblereasonfor thesuper-linear

improvementis reducedoverheadin thememoryunit.

Alpha Speedups: As anolderplatform,Alpha doesnot have thebreadthof SIMD instructionsason theother

platforms. But for thedatatypessupported,we do seeimprovementsof 5.14/3.96for max s16and9.6/7.43for

max u8. Note that while thereis no vectoraddition instruction,therearesometricks that canbe playedwith

logicaloperationsto implementit anyway. Thisprovidesamodestimprovementof 1.65/1.31for sum u8.

6 Related Work

SIMD auto-vectorizationcapabilitieshavebeenincorporatedin recentyearsin anumberof researchandindus-

try compilers.Theseincludeworksbasedon xlc (the IBM compiler)[22, 21, 4], icc (the Intel compiler)[2, 1],

VAST [18], GCC [12, 5], the CoSycompiler framework [7], Chameleon(an IBM researchcompiler)[13], and

numerousworksbasedon theSUIF compiler [8, 9, 16, 17, 3, 19, 10].

Theproblemof handlingdataalignmentis discussedin detail in [21, 4]. They presenta techniqueto minimize

thenumberof realignmentsnecessaryto satisfythehardwarealignmentconstraints.This techniqueis applicable

to SIMD targetsthatcansupporta ”shiftstream”idiom, which is equivalentto a vectorshift. They reportresults

on an AltiVec platform. Alignment is alsoaddressedin [9], but in the context of avoiding unalignedaccesses

throughanalysesandloop transformations.It reportsresultson anAlti vecplatformusingtheVAST compiler(by

communicatingthe resultsof their SUIF analysisto VAST). Avoiding unalignedaccessesis alsothemain focus

of the alignmentsupportfor MMX/SSE discussedin [2, 1]. They canhandlemisalignedaccesses,but without

exploiting thedatareuseacrossloop iterations.Our work addressesa larger rangeof alignmentcapabilitiesand

discussesseveralalternativesfor handlingandrepresentingalignmentmechanisms.Like [1] we alsoincorporate

peelingandversioningin our alignmenthandlingframework, and like [21] we alsohandlerun-timealignment
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while exploiting reuse,but ourwork is lessaggressive in minimizing realignmentoperations.

With respectto SIMD vectorizationin general,muchof the researchwork hasbeentargetedat Alti vec plat-

forms. Amongtheseare[22] thatproposesa vectorizationframework for SIMD thataddressesalignment,mixed

datatypesandmultiple scopesfor extractingparallelism.A straight-line-codevectorizationtechniquecalledSLP

(asopposedto theclassicloop basedapproach)is proposedin [8], andextendedby [16] to work in thepresence

of controlflow. SLPis alsousedin [17], whichpresentsa techniqueto reusedatain vectorregisters,treatingthem

asa compilercontrolledcache.TheseSLPbasedworksall reportresultson Alti vecplatforms.TheVAST com-

piler [18]. alsotargettedatAlti vec,reportshandlingof reductionandalignment,but there’s nopublic information

availableof their techniques.

Vectorizationfor the MMX extensionsis reportedin [19]. They useclassicanalysesto detectdataparallel

loops,enhancedby loop transformations.An extensive discussionof vectorizationfor MMX/SSE is provided

in [2, 1].

Vectorizationon VIS is demonstratedin [7], wherethey proposea vectorizationtechniquebasedon loop un-

rolling . They also report handlingof reduction,but do not handleunalignedaccesses(they createa runtime

alignmentcheckinstead).VIS is alsothe target platformof [3]. They presenta two phaseframework, that first

vectorizesfor infinite lengthvectors,andthentransformstheminto VIS instructions.They generateunaligned

vectoraccesses,guardedby a run-timetest,andalsodon’t exploit datareuse.

Thework reportedin [10] is basedon MIPS.They exploreof tradeoffs betweenout-of-ordershortvectorsand

in-order large vectorsusinga simulator. Reductionandalignmentarenot addressedby this work. A SIMdD

DSPplatform that supportsSIMD operationson disjoint dataelementsvia vectorpointersis addressedin [13].

Reductionis supportedby this work, andalignmentis handledasa specialcaseof datareorganizationusingthe

vectorpointers.

Noneof this prior art addressestheissuesthatcomeup whentrying to vectorizefor multiple SIMD platforms.

A first stepin this directionwaspresentedin [12], but no experimentalresultsweredemonstratedin that work.

This work is thefirst to our knowledgeto targetmorethanoneSIMD target,demonstratingresultson 4 different

SIMD platformsusingonevectorizationframework.
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7 Conclusions and Future Work

SIMD platformsarebecomingpervasive acrossthe industry. Thehardwarelimitations that they exhibit, (e.g.

dataalignmentrestrictions)anduniquearchitecturalmechanismsthatthey providerequirespecialcareby avector-

izing compiler. In this paperwe presenteda high-level target-independentcompilationtechnologythataddresses

theseissuesin a multi-platform setting. Our automaticvectorizationschemeis able to balancethe conflicting

needsthatarisefrom thediversenatureof SIMD architectures,while efficiently supportingeachindividual plat-

form. This is to our knowledge the first effort that considersthe multi-platform aspectof vectorization,and

demonsratesexperimentalresultsonseveraldifferentarchitecturesusingonecompiler.

Following its incorporationinto the GCC sourcebase,the auto-vectorizerhasreceived a lot of interestfrom

users,applyingit to differentprogramsandplatforms.We planto continuesupportandaddressusers’feedback,

while continuingto enhancethevectorizer. Oneof themostimportantfuturedirectionsis devising a costmodel

to betterestimatewhenit is profitableto applyvectorization.Also, in orderto increasebenchmarkcoverage,we

planto addsupportfor runtimealiasingtests,data-typeconversions,andstridedaccesses.
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