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Abstract. Most implementationsof theSingleInstructionMul-
tiple Data(SIMD) modelavailabletodayrequirethatdataelements
be packed in vector registers.Operationson disjoint vector ele-
mentsarenot supporteddirectly, andrequireexplicit datareorga-
nizationmanipulations.Computationson non-contiguousandes-
pecially interleaved dataappearin importantapplications,which
cangreatlybenefitfrom SIMD instructionsoncethedatais reorga-
nizedproperly. Vectorizingsuchcomputationsefficiently is there-
fore anambitiouschallengefor bothprogrammersandvectorizing
compilers.In this paperwe demonstrateanautomaticcompilation
schemethat supportseffective vectorizationin thepresenceof in-
terleaveddatawith stridesthatarepowerof 2, facilitatingdatareor-
ganization.We demonstratehow our vectorizationschemeapplies
to SIMD architecturesthataredominanttoday, andpresentexper-
imentalresultson a wide rangeof key kernels,showing speedups
up to 3.7for interleaving level (stride)ashighas8.

Categories and Subject Descriptors D.3.4 [Processors]: com-
pilers, optimization; C.1.1 [Single Data Stream Architectures]:
RISC/CISC,VLIW architectures; C.1.2 [Multiple Data Stream
Architectures (Multiprocessors)]: Single-instruction-stream,multi-
ple-data-streamprocessors(SIMD)

General Terms Performance,Algorithms

Keywords SIMD, vectorization,subword parallelism,datareuse,
viterbi

1. Intr oduction
In recentyearsa wide rangeof moderncomputationalplatforms
have incorporatedSingleInstructionMultiple Data(SIMD) exten-
sionsinto their processors.SIMD capabilitiesarenow commonin
modernDigital SignalProcessors[7, 13], gamingmachines[14],
generalpurposeprocessors[23, 8] and massively parallel super-
computers[3]. TheseSIMD mechanismsallow architecturesto ex-
ploit the naturalparallelismpresentin applicationsfrom different
domainsincluding signalprocessing,games,scientificcodesand
more,by simultaneouslyexecutingthesameinstructionon multi-
pledataelements.

Optimizing compilersusevectorizationtechniques[31] to ex-
ploit theSIMD capabilitiesof thesearchitectures.Suchtechniques
reveal data parallelismin the scalarsourcecode and transform
groupsof scalarinstructionsinto vectorinstructions.However, it is

[Copyright notice will appearhere once ’preprint’ option is re-
moved.]

oftencomplicatedto applyvectorizationtechniquesto SIMD archi-
tectures[26] becausethesearchitecturesarelargely non-uniform,
supportingspecializedfunctionalities and a limited set of data
types.Vectorizationis oftenfurtherimpededby theSIMD memory
architecture,which typically providesaccessto contiguousmem-
ory items only, with additionalalignmentrestrictions.Computa-
tions, on the other hand,may accessdata elementsin an order
which is neithercontiguousnor adequatelyaligned.Bridging this
gapefficiently requirescarefuluseof specialmechanismsincluding
permute,pack/unpackandother instructionsthat incur additional
performancepenaltiesand complexity. In addition, thesemecha-
nismswidely differ from oneSIMD platformto another. A vector-
izing compiler must be awareof thesecapabilitieswith their as-
sociatedcostsandusethemappropriatelyto producehigh quality
code.

In this paperwe focuson automaticvectorizationof computa-
tions that requiredata-reorderingtechniques,usingan optimizing
compilerfor SIMD targets.We show how our schemesolvesdata-
reorderingproblemsefficiently while exploiting datareuse,thereby
enablingthevectorizationandaccelerationof a wide rangeof pat-
terns.Furthermore,our vectorizationschemeis implementedin a
genericandmulti-platform setting.To the bestof our knowledge,
this is thefirst solutionto thedata-reorderingproblemin thecon-
text of anoptimizingcompilerfor a varietyof SIMD targets.

Thecontributionsof thispaperareasfollows: New genericvectorizationtechniquefor interleaved datathat
efficiently vectorizes non contiguous accesspatterns with
stridesthatarepower of 2, while exploiting spatialreuse. Demonstratetheapplicabilityof our techniqueona widerange
of real-world kernels,exhibiting arangeof accesspatterns,with
stridesfrom 2 to 8. Extensive qualitative and experimentalevaluation that shows
thecompilercanachieve speedupsfor a rangeof interleaving-
factors(strides),ashigh as32.

The paperis organizedasfollows: Section2 presentsthe data
interleaving problem,thechallengesthat it raises,andtheabstrac-
tionswe introducedto expresstheuniquedatareorderingfeatures
of SIMD platforms.In Section3 we give a brief overview of the
GCCcompilerwe usedwith its infrastructure,andpresenttheab-
stractionswe introducedto expresstheuniquedatareorderingfea-
turesof SIMD platforms.Section4 describesthe extensionswe
introducedto thevectorizerto handleinterleaveddata.Experimen-
tal resultsobtainedby runningthevectorizerarepresentedin Sec-
tion 5. Section6 bringsup an interestingconnectionbetweenour
work andSLP. Section7 discussesrelatedwork andSection8 con-
cludes.

2. The Interleaving Problem
Vectorinstructionsof conventionalSIMD extensionsaccessmul-
tiple datathat is adequatelypacked in vectorregisters.In contrast,
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Figure1. Scalarcomplex multiplication
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Figure2. Vectorizedcomplex multiplication

Figure 3. Illustration of the memoryaccesspatternof the code
example

computationsmayexecutethesameoperationonmultipledatathat
is placedin non-consecutive or arbitrarily orderedlocations.For
example,considerthecomplex multiplicationof two arrayshaving
their real and imaginaryelementsinterleaved, asdepictedin fig-
ure1.Usingastandardloop-basedvectorizationschemefor SIMD,
multipleoccurrencesof thesameoperationacrossconsecutive iter-
ationscanbegroupedinto singleSIMD instructions,asshown in
figure2, where\�] is theVectorizationFactor— thenumberof ele-
mentsthatfit in avectorregister. (Weassumefor clarity that ^�_` is
divisible by \�] ). Thevectormultiplicationsin theexamplerequire
that the even andodd elementsof arrays a and b be loadedfrom
memoryandpacked in vectorregisters.However, mostSIMD ar-
chitecturesprovide theability to loadandstoremultiple datafrom
memoryonly if the addressesced are consecutive, i.e. are of the
form cedgfihVjlknm , oftenrequiringthebaseaddressh to beproperly
aligned.Here k is theunit sizein bytesof a singleelement,where\po�fikrq�\�] is theVectorSizein bytes(asillustratedin Figure3).

This implies that in orderto accesstheoddandeven elements
separately, they needto be extractedafter loadingthemboth con-
secutively into vector registers.A similar caseappliesto storing
elementsto nonconsecutive addresses(seefigure4).

The above exampledemonstratesthe useof several _�s<t<upa�vt
and w�`xtp_�up^<_<aWyx_ operationsthatcopy \�] elementsfrom two given
vectorregistersforming anotherregisterwith thedesiredelements
(in the desiredorder), in order to cope with loading from and
storingto addressesof theform c d fihejrz�k{m (seeillustrationof the
functionalityof theseidiomsin Figure5). Suchaccesspatternsare
generallycallednon-unit stride accesses,of theform ced|fih}jl~Wk{m
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Figure4. Vectorizedcomplex multiplicationwith datareordering

Figure 5. Illustration of the extract even/odd and inter-
leave low/highoperations

for someconstant~���� called the interleaving factor. As we
shall seelater, these_Ws<t<upa<v�t and wH`xtp_Wup^�_<aWyp_ abstractionsplay
animportantrole in handlingstridedaccessesby thecompiler.

Notice that eachscalariterationcanhave � differentmemory
accessesinto the rangeof ~ elements.When ��f�~ we say that
theaccesspatternis fully interleaved, andwhen����~ we saythat
the interleavedaccess-patterncontainsgaps (in our codeexample
in Figure1 we have ��f�~�f�z ). The classicapproachto vec-
torizationtries to operateon \�] elementsin eachvectoriteration.
Vectorizingastridedaccesswith interleaving factor~ would there-
fore requireto load/store~x\�] consecutive (andaligned)elements,
from which thedesired\�] elementsfor theoriginal accessareex-
tracted/inserted.Noticethatseveral(� ) vectoraccessescanextract
their elementsfrom the setof ~x\�] consecutive elements;It is im-
portantto recognizeinterleaved(andin particulr fully interleaved)
datato exploit spatiallocality, andalso to facilitate storeswhich
typically cannottolerategaps.

In this paperwe dealwith the interleaving problem,which is
to automaticallyrecognizeinterleavedaccessesandgenerateopti-
mized codeto efficiently vectorizethem.Notice that the general
schemeof loadingadditionalelementsandthenextractingthede-
siredelementsis alsousedto solve theubiquitousalignmentprob-
lem [9, 32]. Our treatmentof interleaved accessesalsotakescare
of alignmentconsiderations.

The interleaving problem is a special case of the general
“scatter-gather”notionwhichsupportsarbitraryaccesspatternsus-
ing indirectiontables.We restrictour attentionto stridedaccesses
becausetheir overheadcanbereducedcomparedto lessregularor
arbitraryaccesses.

A majorfactorthatdefinesthenatureof thesolutionto theprob-
lem of vectorizationof interleaveddatais thevectorplatformthat
is beingtargetted.Differentmodelsof vectormachinesoffer dif-
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ferentarchitecturalmechanismsto dealwith non-consecutive data,
andposedifferentchallengesto solving this problem.Oneexam-
ple is vectormachinesthat support“scatter-gather”operationsin
hardware.Another examplefor a uniquearchitecturalsupportto
non-consecutive datais the eLite DSP architecturethat supports
SIMdD operations(SingleInstructionson Multiple disjoint Data),
via vectorpointers,in which datareorderingbearsa smallerover-
head.

Ourfocusis onexistingSIMD architectures/extensions,suchas
Alti vec [8] andMMX/SSE [23, 28]. In recentyears,a variety of
implmenetationsof the SIMD modelhave beenincorporatedinto
many platforms,mostof whichoffer specialmechanismsto shuffle
databetweenvectorregisters[2, 8, 21, 23,27]. Thesemechanisms
incurean overheadwhenappliedrepeatedly(e.g.within a loop),
and reducingthis overheadof data reorderingcan be critical to
performance.

The mostgeneralSIMD mechanismavailable to handleinter-
leaved datais the �n_Wu����xtp_ operation,suchas the Alti vec y��n_Wu��
instruction.It takestwo vectorsasan input andtreatsthemasone
streamof elements.Thethird argumentis apermutationmaskthat,
for eachof the elementsin the outputvector, specifiesthe index
of an elementfrom the input streamto be placedat the corre-
spondinglocationin theoutputvector. In our examplein Figure5,
a ��_WuW���xtx_ operationwith mask(0,2,4,6)will extracttheelements
at theseindicesfrom theconcateneatedvectora1,a2.An important
thing to noticeaboutthe permuteidiom is thaton mostplatforms
with SIMD support(MMX, SSE,MIPS,IA-64 andSPE)thisoper-
ationis not supportedin its genericform [20], andusuallyrequires
immediatevaluesto the permutationmask,or allow only a fixed
permutationor a permutationlimited to extractingexactly half the
elementsfrom onevectorandtheotherhalf from thesecondvector
(e.g. SSE’s ���<�p�W�n� ). Only the AltiVec y��n_WuW� instructionallows
arbitrary, variablepermutation.For this reasonwe introducedthe_Ws<t�upa�v�t _�yp_` and _Ws<t�upa�v�t ���<� abstractions(illustratedin Fig-
ure5) ratherthana genericshuffle/permuteidiom. (Otherreasons
for thischoicewill berevealedin Section4.2).

3. Vectorizer Overview
Thecompilerwe usedfor implementingthevectorizationof com-
putationsthatinvolve interleaveddatais GCC(theGNU Compiler
Collection [11]) of the FreeSoftwareFoundation.In this section
webriefly describetheinfrastructureof GCCthatis relevantto our
work.

GCCusesmultiple levelsof IntermediateLanguages(IL) in the
courseof translatingtheoriginal sourcelanguageto assembly. Our
focus is on a new IL calledGIMPLE [17] which supportsStatic
Single Assignment(SSA) [22] and retains enoughinformation
from the sourcelanguageto facilitate advanceddata-dependence
analysisand aggressive high-level optimizationsincluding auto-
vectorization[10]. From the high-level target-independentGIM-
PLE IL, statementsare translatedto the low-level instructionsof
theRTL IL (RegisterTransferLanguage),wheretarget-dependent
optimizationssuchasinstructionschedulingandregisterallocation
areapplied.

Figure6 outlinesthevectorizationpassof GCC.Thevectorizer
appliesasetof analysesto eachloop(seeyp_�v�t a`na<^����x_ ^<������H  ),
followedby theactualvectortransformation( yp_�v�t t<upa`{���x�WuW� ¡^<�<�����H  ) for loopsthatsuccessfullycompletedtheanalysisphase

The first analysisphase,a`na<^W�<�x_ ^<�<��� �x�Wu��}�H  identifiesin-
nermost,single basicblock countablea loops. (Certainmultiple
basicblock constructsmaybecollapsedinto a singlebasicblocks
containingconditionaloperationsby anif-conversionpassprior to
vectorization).A loop is consideredcountableif thenumberof it-
erationscanbe determinedprior to enteringthe loop (eitherasa
compile-timeconstantor asa variableevaluatedat runtime).
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Figure6. Vectorizeroutline

The �x_�tp_WuW�½wH`n_ \�]¾��  phasescansall theoperationsin theloop
and determinesthe vectorizationfactor \�] , which representsthe
numberof dataelementsto be packed togetherin a vector, and
is also the strip-mining factor of the loop. The \�] is determined
accordingto the data-typesthat appearin the loop andthe vector
sizessupportedby thetargetplatforms.

Next, a`na<^W�<�x_ �xaWtxa up_��x�¿�H  finds all thememoryreferences
in the loop andchecksif they are “analyzable”,meaningthat an
accessfunctiondescribingtheseriesof addressesacrossiterations
of theloop canbeconstructed(usingscalarevolutionanalysis[24,
25]). This is neededfor memory-dependence,access-patternand
alignmentanalyses.

Dependencecyclesrepresentrecurrencesthat have to be han-
dled in order to enablevectorization of a loop. The functiona`na<^W�<�x_ �<v�a�^<aWu v��v�^<_��e�H  examinesdependencecycles which
involve scalarvariables(i.e. do not go throughmemory),suchas
reductions,and verifies that they can be handledappropriately.
The a`�a<^W���x_ �xaWtpa up_�� ��_�n_`p��_`{v�_��e�H  phasechecksthat the
dependencedistancebetweenevery pair of datareferencesin the
loop is eitherzero(i.e. intra-loopdependences)or at-least\<] , by
applyinga setof classicdatadependencetests[1, 12, 31].

Next, a�`na<^W����_ �xaWtpa up_�� a�v<v�_�����_��¿�H  checksthat every ref-
erenceto memory accessesconsecutively increasingaddresses.
This must be changedto supportinterleaved accesses,as shown
in Section4. The a`na<^����x_ �xa�tpa up_W� a<^�wÀ�`��{_`�t¾�H  phasemakes
surethatthealignmentof all thedatareferencesin theloop canbe
supported,eitherby meansof loop peelingor loop versioningto
force thealignmentof thedatareferences,or by directly vectoriz-
ing theunalignedaccessesusingproperalignmenthandlingidioms.
Thefinal analysisphasea`�a<^W���x_ ��n_WuxaWt�w��`n�¿�H  verifiesthatev-
ery operationin the loop canbe supportedin vector form by the
targetarchitecture.

Thevectorizationtransformationcanbegenerallydescribedas
strip-mine by ÁIÂ and substitute one-to-one, whichimpliesthateach
scalaroperationin the loop is replacedby its vectorcounterpart.
Theloop transformationphasescansall thestatementsof theloop
top-down (vectorizingdefs before their uses),insertinga vector
statementin the loop for eachscalarstatementthat needsto be
vectorized.

In GIMPLE, vector operationsare generallyrepresentedlike
scalaroperations— the sameoperation-codesare used,but the
argumentsare of vector types.This is suitablefor “pure SIMD”
operations,in whichthefunctionalityrepresentedby theoperation-
code (e.g. addition) is performedon each elementof the vec-
tor. Other vector operationslike reductions,alignment-support
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mechanismsandvectorelementshuffling operations(suchasthe_Ws<t�upa�v�tpÃ<w�`xtp_Wux^<_<aWyp_ ), aremeaninglessin the context of scalar
computationsandthereforewerenot availablein GIMPLE. In or-
der to expressthesemechanismsin the vectorizedGIMPLE IL,
new platform-independentvectorabstractionshadto beintroduced
to GCC.

Finally, the loop boundis transformedto reflectthenew num-
berof iterations,andif necessary, anepilog scalarloop is created
to handlecasesof loop boundswhich do not divide by thevector-
izationfactor(thisepilogalsomustbegeneratedin caseswherethe
loop boundis not known at compiletime).

4. Extending the Vectorizer to Handle
InterleavedData

In this sectionwe describethe modificationsthat we introduced
to the yp_�vt a`na�^W���x_ ^��<��{�¿��  and yp_�v�t t<upa`{���x�WuW� ^��<��{�¿�� 
phasesof thevectorizerin orderto extendit to handleinterleaved
accesses.This extensiondetectsgroupsof instructionsthataccess
interleaveddatawith thesameinterleaving factor, andexploitstheir
spatiallocality.

4.1 Analyzing interleaved accesses

A new data-structurewasintroducedto representa groupof load
(or store) instructions,which we refer to simply as a group in
what follows. We assigna (possiblynegative) integer m calledthe
index to eachmemberof a group,suchthat m�ÄTÅÆm�ÇÈfÉhpÄ1ÅÆh�Ç
for any two membersof a group. Theseindiceshelp determine
the relative reorderingneededby themembersof thegroup.Note
that membersof a group have distinct indices; there shouldn’t
be multiple memberswith the sameindex if redundant-load-and-
storeeliminationcollapsedpairsof loadsfrom the sameaddress
into a single load andremoved the first of two storesto the same
address(prior to vectorization).Thememberwith thesmallest(if~Ê�ÉË , or the largest if ~Ê�ÌË ) index in a group is designated
asthe leader of thegroup.Theleaderwill laterberesponsiblefor
loadingor storingthedatafor thegroup— thebaseaddressof the
leaderdeterminesthe overall startingaddress;all other members
will usethe differencebetweentheir index andthe leader’s index
to determinethereorderingthey needfrom thedataprovidedby the
leader.

For eachload andstoreinstructionwe recorda pointer to its
groupanda field for storingits index. Theseenablequick naviga-
tion from groupmembersto their leaderandto their index. Wenow
describehow we constructthegroupsefficiently.

A pair of loadsor storescan be assignedto the samegroup
if they have the sameinterleaving factor and start at relatively
closebaseaddresses.Specifically, spatiallocality occursfor pairs
of accessesof theform c Ä�Í m�Î�fih Ä jR~ Ä k Ä m andc Ç�Í m�Î�fih Ç jR~ Ç k Ç m ,
where~�Ä�k�Ä�fÏ~xÇ5k�Ç andeither hxÄ}ÅÐh�Ç/ÑÒ\xo-ÅÐk}Ä or h�ÇQÅÐhxÄ�Ñ\po¿ÅGk Ç . Mostoccurrencesof interleavedaccessesinvolvethesame
unit sizesk Ä fik Ç , sowe simplify theconditionsto

~�ÄVfi~xÇ and (1)Ó hpÄ¾ÅNh�Ç Ó �Ô\xoxÕ (2)
A groupof loadsor storescanbeassignedto thesamegroupby

analyzingthemin pairsandclusteringthemtogether. Ourapproach
is to analyzepairsof loadsandstoresin suchan orderthat keeps
one load or storefixed as a pivot, so that a group is augmented
by onenew memberat a time. Thenaturalplaceto accommodate
this analysisis in the a`na<^W�<�x_ �xaWtxa up_�� �x_�n_�`p�x_`{v�_��¿�H  phase
which alreadyiteratesover all pairs of loadsand stores(in the
desiredpivoting order)to checkfor their dependencedistance.We
insertedthe following logic thereto alsodetectpairsof loadsand
storesfor grouping:

wW�Ö�$�xw<��tpa`nv�_<×bn_�t�Ø�_<_`�×<a�v<v�_<�<��_��ÒÙ�\po� wW���
up_<a��¾Ú�Ø�u�w�tp_x gÛrÀp�Wtp�Ü��_�n×Wup_<���<^Wyp_|ÝwW���
up_<a��¾Úlux_<a��n gÛra`na<^W�<�x_<×�w�`�tp_Wup^<_�aWy�w�`xÀ¾Þß�x�`�_¾ÝwW���àØ�u�w�tp_gÚrØ�u�w�tp_x gÛ¦a`na<^����x_<×�wH`xtp_Wup^�_<aWy�w�`�À�ÞÀp�Wtp�Ü��_�n×Wup_<���<^Wyp_|Ý_<^���_�x�`�_
Wefirst checkif thedistanceis smallerthan\po , whichis needed

for bothrecognizingproblematicdependenciesandexploiting spa-
tial reuse(Condition(2)). In thecaseof a loadandastore,thereis a
dependenceto check(via ��_� up_<���<^Wyp_ ) but wedonottry to group
themtogether. Pairsof loadsdo not have a dependencebut canbe
groupedtogether(via a`na<^W�<�x_ w�`�tp_Wup^<_�aWy�w�`xÀ ), andfinally both
considerationsapplyto apair of stores.

Thefunction a`na<^W�<�x_ w�`xtx_Wup^<_<a�y�w�`xÀ examinesapairof non-
unit stride accessesthat meetConditions(1) and (2), and builds
interleaving groupsincrementallyasfollows. If bothaccesseshave
notbeenassignedto groupsyet,weopenanew groupfor themand
assignedindicesm Ä f�Ë andm Ç f�m Ä jáh Ç ÅNh Ä . We make surethatÓ m�ÇWÅ�m�Ä Ó ÑÜ\�] , whichis thecommonandsimplercaseto handle.We
alsorecordthe accesswith the smallerbaseaddressasthe leader
of thegroup,andrecordtheindex of theotheraccess.Otherwise,if
oneaccess( �pâ ) hasbeenalreadyassignedto a groupandtheother
( ��ã ) hasnot, we assign��ã to thegroupof �xâ andsetthe index of��ã to be m�Ç°f�m�ÄVjÆh<Ç1Å�hxÄ . We thencheckif m�Ç is smallerthan
the index of the leaderandif somake ��ã thenew leader, andalso
updatethe largestindex found in the groupif m Ç is larger thanit.
If eithercaseshold, we checkthat m�ägÅÆm�åNÑæ\�] where m�ä is the
(new) largestindex and m å is theindex of the(new) leader. Finally,
if both accesseshave alreadybeenassignedto groupswe do not
processthemagain.This relieson thepivoting orderin which the
pairsof accessesareprocessed,andimpliesthatthecomplexity of
thegroupingalgorithmis linearin thenumberof loadsandstores.

After all pairsof loadsandstoreshave beentraversedwe need
to visit eachgroupandestimatethe profitability of vectorizingit,
includingtheidentificationandassessmentof gaps— they reduce
the amountof reuseand may by intolerablefor stores(seeSec-
tion 5.1 for profitability analysis).We introducedthis scanover
the groups into the current framework of the vectorizer at thea`na<^W�<�x_ �xaWtxa up_�� a�v<v�_<�<��_��¿��  phasewhich traverseseachin-
dividual load andstore.(Recall that this phaseneedsto be mod-
ified anyhow to permit non-unitstrideaccesses.)To do so we use
theleadersof thegroups— everytimewereachaleaderduringthea`na<^W�<�x_ �xaWtxa up_�� a�v<v�_<�<��_��¿��  scan,weanalyzeits group.Dur-
ing this scanwe alsolook for stridedaccessesthat do not belong
to any group,and if found we open(and analyze)new singleton
groupsfor them.

4.2 Extensionsto transformation phase

We now explain how the transformationphasewas modified to
vectorizeinterleaved data,basedon the groupsproducedby the
enhancedanalysisphase.When reachingthe first memberof a
group we generate~ load or store statementsaccordingto the
addressof the leader. If the baseaddressof the leader is not
(known to be) properly aligned, the standardtreatmentfor (po-
tentially) unalignedaccessis applied(using zero shift policy [9]
or loop peeling,see[20]). We thengeneratea setof datareorder-
ing statementsof the form _Ws<t<uxa�v�t _Wyx_`nÃ<����� (for loads) andw�`xtp_Wux^<_<aWyp_ ^<��Ø�Ã�nw�À�� (for stores),accordingto the stride of
the group. Thesestatementsare capableof handlingstridesthat
are powers of 2. For example, the data accessedby the patternc¿d1fÒh-jÐç�m assumingh is alignedcanbe extractedfrom 4 loads
by a combinationof _Ws<t<upa<v�t _Wyp_�`{� , as depictedin Figure 7.
The completeset of ~|è�é�ê Ç ~Ü_Ws�t<upa�v�t _Wyp_` and _Ws�t<upa�v�t ���<�
statementsare generatedafter the vector loadsat the location of
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Figure7. Extractingalignedstride-4datausing _�s<t<upa�vt _Wyp_` s
the first scalarload.Eachmemberof the groupis thenconnected
to the appropriateresultant _Ws<t�upa�v�t �W�<�xÃ<_Wyx_` statement.The_Ws<t�upa�v�t �W�<�xÃ<_Wyx_` statementsthat remainunused,in thecaseof
gaps,will bediscardedby a laterdead-codeeliminationpass.

The caseof storesto interleaved datais handledanalogously
(only for gaplessaccesses,againfor power-of-2 strides)by generat-
ing w�`xtx_Wup^<_<a�yp_ ^<��Ø�Ã��{w�À�� statementsinsteadof _Ws�t<upa�v�t ���<�xÃ�¡_Wyp_�` andplacingthembeforethevectorstores.Thesestatements
areplacednext to the last scalarstore.This completesthe exten-
sionswe introducedto the vectorizerto handleinterleaved data
— no modificationswereneededfor handlingthevectorizationof
non-load/storestatements.

For stridesthatarenot a power of 2, permutecapabilitiesmore
flexible than _�s<t<upa�vt ���<�xÃ�_Wyp_` and wH`xtp_Wup^�_<aWyp_ ^<�Ø�Ã�{w�ÀW�
are needed,which are provided by someplatforms.In addition,
each non-power-of-2 stride generally requiresa tailored, irreg-
ular solution. The simple and generic _Ws<t<upa<v�t ���<��Ã<_Wyp_` andw�`xtx_Wup^<_<a�yp_ ^<��Ø�Ã��{w�À�� abstractions,on the otherhand,aresup-
portedefficiently on most SIMD extensionsand are as good as
specializedpermutesfor power-of-2 strides.This is because~/ÅÜ�
operationsareneededto extract the relevant datafrom ~ vectors
even if eachoperationcanextractanarbitrarysetof VF elements
from a pair of vectors.

It is worth noting that one could alternatively have the vec-
torizer disregardspatialreuse,generatethe requiredtreatmentfor
each instruction separatelyand rely on a subsequentredundant
loadsandstoreseliminationpassto laterdetectandexploit spatial
reuse.However, it is betterto have thevectorizerdetectandhandle
suchreuseopportunitiesfor several reasons:exploiting suchreuse
greatlyreducesthe associatedoverheadwhich the vectorizeresti-
matesto assessthe profitability of vectorizingthe loop; handling
alignmentcomplicatessubsequentattemptsto detectreuseoppor-
tunities,andstoringnon-consecutive datacomplicatesthesituation
furtherif it is at all possible.

5. Experimental Results
Theresultswepresentin thissectionweregeneratedautomatically
usingtheautovect-branchof theGCC4.1compiler, freelyavailable
from theFSF[11]. Experimentswereperformedon anIBM Pow-
erPC970processorhaving Alti vecsupport,runningunderLinux.
The PowerPC970 is an out-of-orderexecutionsuper-scalarpro-
cessorwith 5 scalarfunctionalunits(2 fixedpoint,2 floatingpoint,
and1 branch),2 SIMD units(1 arithmetic,1 permute)and2 mem-
ory unitssharedbetweenthescalarandvectorunits.We reportthe
speedupfactorsachieved by an automaticallyvectorizedversion
over thesequentialversionof eachbenchmark,compiledwith the
sameoptimizationflags.Time is measuredusing the Àp_�t<u��{��a�Àp_
routine,andincludesany overheadsintroducedby vectorization.

5.1 Qualitati ve analysis

We startour evaluationwith a qualitative analysisof theexpected
speedups,accompaniedby measurementsonasetof synthetictest-
cases.We useit to gain a betterunderstandingof the behavior of
thevectorizedcode(andof theoverheadsinvolved) for a rangeof

interleaving factors,someof which are not exhibited in the real
world kernelsthatwepresentin thefollowing subsection.

5.1.1 Profitability of vectorization in the presenceof
interleaved data with no gaps

Whendatais accessedwithoutgaps,thescalarmemoryreferences
fully cover the memoryrangeaccessedin eachiteration. In this
casethereis agroupof ~ scalar-loadsaccessing~ data-elementsin-
terleavedby a factor ~ . Our vectorizationschemetransformsthese
load-accessesinto a groupof ~ vector-loadsaccessing~+\�] data-
elementsfollowedby a treeof ~|è�é�ê Ç ~F_�s<t<upa�vt operations.There
aretherefore~ Í ��jVè�é�ê Ç ~�Î vectoroperationscomparedto ~�\�] scalar
operations(that correspondto \�] scalarloop iterations),yielding
a factorof \�]�ë Í ��j¦è�é�ê Ç ~nÎ . Similarly, a groupof ~ scalar-stores
writing ~ adjacentdata-elementsthatareinterleavedby a factor ~
is transformedinto a treeof ~ìè�é�ê Ç ~rw�`xtx_Wup^<_<a�yp_ operationsfol-
lowedby ~ vector-storeswriting ~T\<] data-elements,therebyyield-
ing thesamefactor.

The \�]�ë Í ��jNè�é�ê Ç ~�Î factor takes the total numberof instruc-
tionsinto consideration,assumingthateach_Ws<t<uxa�v�t and w�`�tp_Wup¡^<_<aWyp_ operationis mappedto a single instruction(as is the case
in Alti vec); it ignoresthe fact that _�s<t<upa�vtpÃ�w�`xtx_Wup^<_<a�yp_ opera-
tionstypically executeonadifferentunit thanloadsandstores,and
thefactthatthey introducedatadependencies.But overall,this fac-
tor couldserve asa roughestimateof thespeedupsto expectfrom
vectorizinginterleavedaccesses(bothloadsand/orstores).

We measuredthe actualspeedupsthat auto-vectorizationob-
tains for differentvaluesof ~ and \�] using two setsof synthetic
test-casesthat operateon int, short and char dataelements(cor-
respondingto \<] =4,8,16respectively). The first set of testscon-
tainsonly memoryoperations— datais loadedand immediately
storedbackin adifferentorder. In thesecondseteachtestcontains~/ÅÜ� additionoperationsandonly a singlestorein theloop (stor-
ing thesumof theloaded~ elements)to consecutiveaddresses.The
speedupfactorsweobtainfor thesetestsareshown in Figure8. For
each~ valueweshow themeasuredresultswhenthedatais aligned
andunaligned,andalsotheexpectedimprovementfactoronthein-
structioncount(thevalueof \�]�ë Í �6jNè�é�ê Ç ~nÎ ).

As canbeseenin Figure8a,accordingto thequalitativeestima-
tion,vectorizationis expectedto beprofitablefor all but thetwo ex-
tremecombinationsof small íQîÖfÆç andlargestride ~¯fï��ð<ñ�ò�z .
Theactualmeasuredspeedupswegetaresomewhatlower in some
cases,but theoverall behavior is largelysimilar. Accordingto Fig-
ure8a,vectorizationis profitablefor ~+fÏz , andfor largervaluesof~ if the \�] is sufficiently large.For thehighestinterleaving factor
of ~�fæò�z performancedegradesfor all valuesof \<] . In general,
thespeedupsfor ~�fÏò�z aresmallercomparedto theexpectedval-
uesdueto registerspills thatoccurin thevectorizedversionatsuch
a high interleaving factor. The extractioncodealoneneeds~ reg-
isters,andAlti vec has32 architectedvector registers,so register
spilling startsto occurat ~ÈóÊò�z . Thespeedupsfor ~Nfõô<ñ���ð are
alsosomewhat lower thanexpectedfor some \�] s. The main rea-
sonfor that seemsto be the large sizeof the vectorizedloop that
inhibits loop-unrollingcomparedto thescalarversionthatis being
unrolled.

Thespeedupswe seein Figure8b arebetterthanthespeedups
weseein Figure8abecauseof theimprovedInstructionLevel Par-
allelism (ILP). The arithmeticoperationshide someof the over-
headof the _Ws<t<upa<v�tpÃ�w�`�tp_Wup^<_�aWyp_ operations.Suchparallelism
canbe exploited by the super-scalar/out-of-orderexecutingPow-
erPC970whichcanexecutethe _Ws�t<upa�v�txÃ�w�`xtp_�up^<_<aWyx_ operations
on its vector-permuteunit while performingthe additionson the
vector-arithmeticunit.

Overall theseresults show that our vectorizationschemeis
profitableevenfor interleaving factorsashighas16and32 if there
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Figure8. Autovectorizationimprovementsof synthetickernelswith fully-interleaveddata

ö ÷¾øNù ÷¾øNú ÷|øNû
1 1 3 7
2 2 6 14
3 7 17
4 8 20
5 21
6 22
7 23
8 24

Table 1. Maximum numberof extract operationsü Í �Vñ5~�Î for dif-
ferentvaluesof ~ and�
is enoughcomputationrelative to theamountof memoryaccess,at
leastfor \�]F�Ðç .

5.1.2 Profitability whendata is accessedwith gaps

Whendatais accessedwith gaps,thereis a groupof �Æ��~ scalar-
loadseachwith ~ -stridedaccess.Our vectorizationschemestill
uses~ vector-loadsto load ~1\�] data-elements,but notall elements
loadedwill beused.Vectorizationloosessomeof its effectiveness
dueto this. In addition,someof the ~ìè�é�ê Ç ~r_Ws<t<upa<v�t operations
maynotbeneeded(thosearediscardedby dead-codeelimination),
dependingon thespecificindicesof theexistingaccesses.

For example, when accessing2 out of ~ýfþô elementsat
indices(0,4) (e.g.accessingin eachiterationelementscgÿ�ô��|m � andc¿ÿ�ô��m�jTç � ), thenatotalof 8 _�s<t<upa�vt�� arerequired.Howeverwhen
accessingelementsat indices(0,1)(e.g.c¿ÿ�ô��½m � andc¿ÿ�ô��¿mejÐ� � ), a
total of 14 _Ws<t<uxa�v�t�� arerequired.

The maximumnumberof _Ws<t<uxa�v�t�� requiredfor a group of� Ñ ~ loads with stride ~ , denotedby ü Í �}ñ5~�Î , can be com-
puted recursively as follows. For � f � a total of ü Í ��ñ5~nÎ f��� 	�
������� Ä����d���� z d f ~rÅï�l_�s<t<upa�vt�� is required.For �Ìf z , a
maximumof ü Í z�ñ5~nÎ�fÏz Í ~}Ål��Îì_�s<t<upa�vt�� areneeded.For ��ó�z ,
themaximumnumberof _Ws<t<uxa�v�t�� is neededwhen(roughly)half
of theloadsaccessevenelementsandtherestaccessoddelements.
Weneed~në�z6_Ws�t<upa�v�tp� to separatetheevenelements,andlikewise
for theoddelements,effectively reducingthedesiredstrideby half.
Thus ü Í �}ñ5~nÎ�fi~gj¯ü Í�� �}ë�z���ñ5~{ëWz�Îj¯ü Í�� �}ë�z��xñI~{ëWz�Î for ��ó�z . Ta-
ble1 containsthevaluescomputedby theabove recursive formula
for ~+fÏz<ñ
ç½ñHô and�ßf ��ñHz<ñÕHÕ�Õ�ñ
~ .

The numberof vectoroperationsfor � accessesof stride ~ is
at-most~ loadsor storesplus ü Í �}ñ5~�Î|_Ws<t�upa�v�t�� or w�`xtp_Wux^<_<aWyp_<� ,
comparedto �¾\<] scalarloadsor stores.So the expectedspeedup
factoris at-least�|\�]�ë Í ~GjÔü Í �}ñ5~�ÎIÎ .

Wemeasuredtheactualspeedupsobtainedonasetof synthetic
tests that contain interleaved-loadswith ~Éf ô and arithmetic

Figure9. Speedupsonsynthetickernelswith gaps

operations,for \�]+fÒ��ð . Themeasuredspeedupfactorsareshown
in Figure9,alongwith theworst-caseexpectedfactorsof reduction
in instruction-count(thevaluesfor �|\�]�ë Í ~RjÔü Í �}ñ5~�ÎIÎ for \�] =16).
Notice that theseestimatesshow a positive improvementeven for
theextreme��fÏ� cases.

We experimentedwith � f �<ñ�z<ñ
çeñ�� stride-8 accesseswith
threedifferentsetsof indices.Thefirst setrequiresthemaximum
numberof _Ws<t<upa<v�t�� : for �Ïf�z and �ÏfÏç this sethasaccesses
to indices(0,1) and (0,1,2,3)respectively. The secondsethasan
intermediatelevel of reuse(e.g. indices (0,2) for � f z ), and
the third set requiresthe minimum numberof _Ws�t<upa�v�tp� , having
accessesto indices(0,4) and(0,2,4,6)for ��f z<ñ�ç respectively.
(For �if � we usedanaccessto index (0) in all threesets,andfor�Ðf � weusedaccessesto indices(0,1,2,3,4,5,6)).

As canbe seenin the Figure,The measuredspeedupsfor the
worst-casescenariosarewithin theexpectedrangeaccordingto the
qualitativeanalysis.Theimportantthing to noteabouttheseresults
is thatevenwhentheaccessto datais relatively sparseandthedata
reuseis low, vectorizationstill improvesperformance.

5.2 Experimental resultson realworld kernels

The next stepin our experimentalevaluationwasto testour vec-
torizationschemeon real world computations.The test-caseswe
constructedarerepresentative of the main computationkernelsin
realworld applicationsfrom differentdomains.Table2 briefly de-
scribesthekernelsusedin ourexperiments.Thekernelsarenamed
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Figure10. Autovectorizationimprovementsof real-world kernels

Name Description
i2 cxdot-fp complex dotproduct
i2 cxdot-u8 dot productof two videostreams
i2 cxdot-s16 dot productof two audiostreams
i2 cxfir-fp complex FIR filter
i2 cxfir-u8 FIR filter on avideostream
i2 cxfir-s16 FIR filter on anaudiostream
i1 bitPack-u32 pack6-bit soft-bits,oneper32bitword
i2 bitPack-u32 pack6-bit soft-bits,two per32bitword
i4 bitPack-u32 pack6-bit soft-bits,four per32bitword
i2 interpolator-s16 interpolationwith up-samplingrate1:2
i2 mixStreams-s16 mix two stereostreams
i4 mixStreams-s16 mix two 4-channelaudiostreams
i2 alphaMix-s16 mix two stereostreamswith alphascaling
i4 alphaMix-s16 mix two 4-channelaudiostreamswith alphascaling
i4 i2 downMix-s16 down mix a4-channelaudiostreamto stereo
i4 i1 downMix-s16 down mix a4-channelaudiostreamto onechannel
i4 i2 viterbi-s16 viterbi decoder
i4 alphBlend-u8 alpha-blendtwo rgbaimages
i4 dissolve-u8 imagefadeaway (representedasinterleavedrgba)
i2 cxmultScale-s16 complex vectormultiply andscaleby maxvalue
i4 rgba to argb-u8 convertanrgbacodecto anargb codec
i4 i2 cvt codec-u8 decompressagraycodecinto anrgbacodec
i8 cvt codec-u32 convertanrrggbbaacodecto anaarrggbbcodec
i8 cvt codec-u16 convertanrrggbbaacodecto anaarrggbbcodec
i8 cvt codec-u8 convertanrrggbbaacodecto anaarrggbbcodec
i4 3 alphaBlend-u8 alpha-blendthergb elementsof two rgbaimages
i4 3 dissolve-u8 fade-away thergb elementsof anrgbaimage
i2 1 cvt codec-u8 invert agraycodec
i4 2 decompresscodec-u8 converta graycodecinto anrgbacodec
i8 4 compresscodec-u8 convertanrrggbbaacodecto anargb codec

Table2. Benchmarkdescription

“ m�~ �ec"!$#FÅ&%(' ” indicatingthat the interleaving factorpresentin
a kernel is ~ , andthedatatypeoperateduponis signed(if %/f)' )
or unsigned(if %FfÒk ), andis of size ' bits. (In somecasesthere
aretwo differentinterleaving factorsfor thereadsandthewritesin
thesamekernel).All kernelsexceptfor thelast5 accessfully inter-
leaveddata.The5 kernelswith gapshave thenumberof accessed
elements� aspartof theirname:“ m�~ � �ec*!+#¾Å,' ”. Generally, ker-
nelsoperatingon unsignedchars(u8) were taken from the video
domain(operationson complex data(in which ~rfÒz ) or rgbaim-
ages(where~+f�ç )). Kernelsoperatingonsignedshortsweretaken
mostly from the audioandcommunicationdomain(operatingon
complex data,or audiostreamswith 1,2,or4 interleavedchannels).
Thesetestsofteninvolve type-conversionsand/orwideninginteger

multiplicationswhich requiretwo vectormultipliespereachscalar
multiply. Someof the kernelscontainreductionoperations(sum-
mationor maximum),andmaynothavestoreoperationsinsidethe
loop.

Figure10summarizesthespeedupfactorsobtainedby applying
vectorizationto eachkernel in two cases— one in which the
alignmentof thedatais unknown, andtheotherin which thedata
is aligned.The resultsin the figure areorganizedin 4 groups—
thefirst threearefor fully interleaveddata,andthelastgroupis of
kernelsthathave gaps.

The first groupof 6 test-casesshows speedupsof the floating-
point and32 bit integer kernels,for which í6î fÊç . On our tar-
get we would expect an improvementfactorof 2 on the compu-
tations (a single 4-way SIMD unit vs. 2 scalarunits). The im-
provement factor on the loads and storesdependson the inter-
leaving factor ~ : for ~Ðf�z the expectedimprovementis between
2 (accordingto the qualitative estimationfactor) and 4 (assum-
ing someof the _Ws<t<upa<v�t���Ã�wH`xtp_Wup^�_<aWyp_�� take place in parallel
to the computation).Similarly, for ~ f�ç the expectedimprove-
ment on loads/storesis between1.3 and 4, and for ~ f ô it
is between1 (no improvement)and 4. The speedupfactorsob-
tained are within theseranges,achieving 3.7/3.0 on i2 cxdot fp
(aligned/unalignedrespectively), 3.1/2.9on i2 cxfir fp, and2.8/2.2
on i2 bitPack u32.Thespeedupson the latteraresmallerbecause
it is morememory-intensive thanthefirst two. For bitPackwe also
show resultswhen thereis no interleaving (i1 bitPack u32), and
when ~�fÊç (i4 bitPack u32). It is easyto seehow the speedups
drop as the interleaving-level increases.Last in this group is the
kerneli8 cvt codec-u32,which containsonly memoryoperations,
andasexpecteddegradesperformancewhenvectorized.

The secondgroupof 12 test-casesshows speedupson kernels
that operateon short data types, for which í6î f ô . On our
target we would expect an improvementfactorof 4 on the com-
putations(an 8-way SIMD unit vs. 2 scalarunits), and on the
loads/storeswe would expecta speedupbetween4/2.6/2(accord-
ing to the qualitative estimationfactor)and8, for ~�f z<ëIçeëWô re-
spectively. The speedupfactorsobtainedarewithin theseranges,
acheiving an avereageimprovementof 5.6/4.6(aligned/unaligned
respectively) on the ~+fÏz kernels,andanaverageimprovementof
4.6/3.7onthe ~Ff�ç kernels.In thekernelsi4 i1 downMix-s16and
i4 i2 downMix-s16wehave ~Ffiç for theloads(readinga4 chan-
nel stream),and~¯f ��ñ�z for thestores(writing a single/two chan-
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nel stream)respectively. The improvementsare thereforehigher
thanfor the ~rfÔç kernels:we getspeedupsof 6.3/5.3and5.0/4.2
(aligned/unaligned)respectively for thesetwo tests.Lastly in this
group,wegetanimprovementfactor1.7/1.5onour ~+fÏô kernel.

A specialnote shouldbe madeaboutthe viterbi testcase,for
whichwereporttheoverall impactonthetotal runningtimetheap-
plication,ratherthananisolatedkernel.TheViterbi decodercom-
putesthe most probabletransmittedsequenceof a convolutional
codedsequence,usedin digital communicationdatatransmission,
suchas3G cellularnetworks andGSM networks.Themostcom-
putationallyintensive part of Viterbi performsa maximizationof
a Likelihood function througha sequenceof add-compare-select
(ACS) operations,and can benefitsignificantly from SIMD exe-
cution. In eachiteration two input elementsare read(from two
seperatearrays),andtwo consecutive outputsarewritten (into one
array).In addition,thedataoperateduponis interleaved,which all
togetheramountsto interleaving factor4 upondatawrite,andinter-
leaving factor2 for eachdataread.Applying ourauto-vectorization
to Viterbi, we geta speedupfactorof 6.0/5.3.Partof this improve-
ment has to be attributed to the usageof vector selects,that on
PPC970areavailableonly on the vectorunit. This helpsto over-
comesomeof the interleaving handlingoverhead,andgaina sig-
nificantoverall improvementon theentirebenchmarkdueto vec-
torization.

Thethird groupof 7 test-casesshows speedupson kernelsthat
operateon char datatypes,for which í�î f ��ð . On our target
we would expect an improvement factor of 8 on the computa-
tions(an16-waySIMD unit vs.2 scalarunits).For theloads/stores
theexpectedspeedupis between8/5.3/4(accordingto thequalita-
tiveestimationfactor)and16(assumingsomeoverlapbetweenthe_Ws<t�upa�v�t���Ã�w�`xtp_�up^<_<aWyx_�� andthearithmeticvectoroperations)for~°fïz�ë*çeëWô respectively. Our experimentsshow an8.4/8.0average
improvement(aligned/unalignedrespectively) on the ~�fýz ker-
nels,a 5.2/4.2averageimprovementon the ~ÜfÖç kernelsanda
3.2/2.9improvementon the ~+fÏô kernel.

The fourth and last group of 5 test-casesshows speedupson
kernelsthat operateon datawith gaps.Thesekernelsoperateon
chardatatypes(i.e. í�î fý��ð ), andareexpectedto get at least
theminimumexpectedimprovementfactorshown in Figure9. Re-
call thatthequalitative speedupspresentedthereassumethemaxi-
mumnumberof _Ws<t<upa<v�t�� . Theaccesspatternsin theserealworld
examplesactually enjoy the maximal amountof reuse:kernels
i4 3 alphaBlend-u8andi4 3 dissolve-u8access3 outof ~+f�ç ele-
ments(wegeta6.2/5.4speeduponalphaBlend(aligned/unaligned)
anda 5.3/4.7speedupon dissolve); i2 1 cvt codec-u8accesses1
elementoutof ~+fiç elementsin eachiterationandis improvedby
afactor6.5/4.7.i4 2 decompresscodec-u8accesses2 elementsout
of ~Ffiç elementsin eachiteration,at indices(0,2);thisaccesspat-
ternenjoysahigh-level of reuseandis improvedby afactor4.4/3.5
(aligned/unaligned);Lastly, for thekerneli8 4 compresscodec-u8
we geta speedupof 3.7/2.7(aligned/unalignedrespectively).

6. Discussion
In this sectionwe discussseveralopportunitiesfor optimizationof
specialcases,someof whichareinspiredby comparisonto related
work.

6.1 SpecialCases

There are certain situationsthat offer an alternative solution to
the interleaving problem,deviating slightly from the pure SIMD
approach.Oneexamplearecomputationssuchasthedown-mixing
of a multi-channelaudio stream,where eachof the interleaved
channelsis multiplied by a differentconstantscalingfactor (and
thenaddedtogether).In suchcases,insteadof extractingthe data
elementsof eachchannelinto a separatevector, onecanpreparein

advancea vectorholding thedifferentscalingfactorsandperform
the computationson the interleaved datadirectly, extracting the
resultantproductsasneeded.

Thereareothersituationsin this spirit thatoffer similar oppor-
tunitiesto avoid theexplicit datareordering,whichcouldbebenefi-
cial for thevectorizerto identify. Anotherexampleis thefollowing
computation:

a [0]+b[0], a[1]-b[1], a[2]+b[2], a[3]-b[3]

(assuming\�] = 4). To vectorizeit, one could first negate b.-*â0/
and b.-21�/ (by a propermaskthatkeepsb.-435/ and b.-àã�/ intact)and
thenperformonevectoradd,insteadof performingvectoraddand
vectorsubtracton interleavedelementsseparately.

Somearchitecturesprovide instructionsof this SIMOMD (Sin-
gle InstructionMultiple OperationsMultiple Data)flavor in hard-
ware [3, 28]. Notice that loop-basedvectorization,which is the
approachwe follow, targetsclassicSIMD instructionsby packing
togetheridenticalreplicatesof thesameinstruction.In contrast,to
generateSIMOMD instructionsan “SLP” (Superword Level Par-
allelism) type of approach[15] is neededfor groupingdifferent
instructionstogether. TheSLPapproachprovidesotherinteresting
alternatives to handlingthe interleaving problem,asdiscussedin
moredetailbelow.

6.2 Interleaving and the SLP approachto vectorization

The SLP approachto vectorizationlooks for vectorizationoppor-
tunitiesin straight-linecode.Sinceits introduction,it hasbeenin-
corporatedinto severalvectorizingcompilers,andhasprovidedan
interestingaspectfor discussionin thecontext of vectorization.

The SLP approachcanhandleonly limited situationsof inter-
leaving in which theinterleaveddataelementsareall manipulated
by isomorphicoperations,andareaccessedwithoutgaps1. Despite
theselimitation, SLP is relevant in thecontext of vectorizationof
interleaved accessesbecauseof the specialcasesof interleaving
that it canvectorize,andbecauseof thedifferentapproachit takes
to vectorizing them. Detectingthesespecialcasesby our loop-
basedvectorizercanopenanew opportunityto optimizethem.Fur-
thermore,in somecasesparallelismexistsonly insidetheiteration
andnot acrossloop iterations,whereSLPis usefulbut loop-based
parallelismis not (dueto loop-carrieddependenciesfor example).
In this subsectionwe show how our vectorizationapproachto in-
terleaving provides the first steptowardsextendinga loop-based
vectorizerto performSLP.

In our one-to-oneloop-basedapproachto vectorization,each
vectorinstructionreplaces\<] instancesof a singlescalarinstruc-
tion,correspondingto \�] consecutiveiterationsof theloop.In other
words,eachoperationin the loop is consideredindependentlyof
other operationsin the sameiteration, but togetherwith it’ s in-
stancesacrossdifferentiterations.In contrast,SLPis a“ \�] -to-one”
approachwhereeachvectorinstructionreplaces\�] distinctscalar
instructions,irrespective of any enclosingloop. In orderto support
interleaved accesses,we hadto extendour loop-basedvectorizer
in thespirit of SLP, in thesensethat thevectorizernow considers
groupsof operationsfrom thesameiteration.Theanalysiswasex-
tendedto look insidetheloop,ratherthanacrossdifferentiterations
andto vectorizegroupsof operationstogether. Therefore,a loop-
basedvectorizerthat recognizesinterleaved accessesprovidesthe
first steptowardsproviding SLPcapabilitiesfor loops.

In additionto analyzinggroupsof instructionssimilar to SLP,
our approachalso relatesto SLP in the way we transforminter-
leavedaccesses.TheSLPapproachstartsby looking for groupsof

1 It is possibleto run thefirst SLPstepof searchingfor a seedof adjacent
referencesrepeatedly, eachtime with a differentvaluefor thestridethat is
consideredadjacent;thisexhaustive searchcanbetoocostlywith respectto
compiletime.
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Figure11. Postponinginterleaving, scalar
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Figure12. Postponinginterleaving, vectorized

accessesto adjacentmemoryaddresses,attemptingto pack them
togetherinto vectorloadoperations.If suchaccessesarefoundin-
sidea countableloop, they aretypically stridedaccesses(however,
thestrideis acrossiterations,soSLPdoesnotnoticeit). In contrast,
ourapproachis to look for groupsof ~ -stridedaccessesto adjacent
memoryaddressesin a loop, and try to replacethemby ~ vector
load operations.If ~ f \<] , eachvector load we generateessen-
tially replaces\�] distinct scalaraccesses,asdoesSLP. The same
holds for storeoperations.This is anotherreasonwhy our loop-
basedapproachcanbeviewedasafirst steptowardsapplyingSLP
to loops.

Lastly, theinterleaving-supportweaddedallowsour loop-based
vectorizer to handlecomputationsthat until now requiredSLP.
This is becausethedomainof computationsthatour vectorization
schemecan now target also includesunrolled loops,which have
traditionallybeenstrictly in theSLPdomain.

While we have madethe first steptowardssupportingSLP in
loops, we are still using essentiallythe cross-iterationapproach
whentransformingtheloop.Thenext observationwewantto make
is that by continuing in this direction we can enhancethe loop-
basedvectorizerto provide moreefficient supportfor somespecial
casesof interleaving, whichwe now describe.

6.3 Towards loop-aware interleaving-basedSLP

After identifyingopportunitiesto replaceagroupof scalarloadsby
a vectorload,SLPexaminesthecorrespondingdependentinstruc-
tions in an attemptto replacethemtoo with a vector instruction.
Thisusuallyrequiresthatall scalarinstructionsbeisomorphic(e.g.
all areadditions),mutually independent,andcanall be moved to
oneplace.A loop-basedvectorizercouldalsoexaminetheusesof
interleaved loads,and if the above conditionshold postponethe
rearrangingof datato a later stage.For example,the loop in Fig-
ure11canbevectorizedby rearrangingtheoddandevenelements
of a and b separately(asin Figure4), but it is moreefficient to re-
arrangetheoddandevenelementsof a�6Wb instead(seeFigure12).
Soa loop-basedvectorizeris free to decidewhento rearrangethe
datain suchcases— immediatelywhenloadingor at a laterstage
of the computation(which is not originally associatedwith loads
or stores).This resemblesthe issueof rearrangingdatato handle
alignment,specificallythezero shift versuslazy shift heuristics[9].
That is, ratherthanimmediatelyreorderingtheresultsof loadsas

in thezero-shiftapproachfor handlingalignment,reorderingcanbe
postponedandbeassociatedwith internaloperationsasin thelazy-
shift heuristic.Ultimately we shouldreorderin anticipationof the
permutationneededby thestores,if internaloperationsareisomor-
phic, similar to the eager shift scheme.A simplecaseto optimize
occurswhentherearrangementat thestoresis theinverseof thatat
theloads(e.g. w�`xtx_Wup^<_<a�yp_ ^<��ØpÃ�{w�À�� and _Ws�t<upa�v�t ���<�xÃ<_�yp_` ).

Thekey point to noticehereis thatperformingtheseoptimiza-
tions requiresextendingour interleaving supportto look into the
the usesof the interleaved accesses,andin that senseto continue
extending our analysisschemein the direction of SLP. Consid-
ering the usesof interleaved accessescould alsoprovide the op-
portunity to operateon lessthan ~�\�] elementsin eachiteration,
therebyreducingthenumberof w�`xtp_�up^<_<aWyx_���Ã<_Ws�t<upa�v�tp� needed.
Theinterleaving-supportmechanismweenvisioncanbeviewedas
a funnel having the loadson top, going down through _Ws<t�upa�v�t��
into a seriesof isomorphiccomputations,which are followed byw�`xtp_Wux^<_<aWyp_<� that finally reachthe storesat the bottom.To op-
timize, this funnel can be shrunkboth in depth(by reducingre-
dundantextractsandinterleavesalongpathsfrom loadsto stores,
or replacingthem with more flexible permuteoperations)and in
width (by reducingthenumberof loadsneeded).Notethat in gen-
eralsuchoptimizationsrequiretheuseof permuteoperationsmore
flexible thanthe w�`�tp_Wup^<_�aWyp_ �{w�ÀW�nÃ<^<��Ø and _�s<t<upa�vt _Wyp_�`nÃ<���<�
thatwe introduced.

Finally, we wish to emphasizethatextendinga loop-basedvec-
torizer in the direction describedabove createsa hybrid “loop-
aware-SLP”approachwhich can exploit parallelismboth across
loop iterationsas well as inside the loop, by carefully unrolling
loops and generatingefficient vector instructionsand reordering
operations.Theinterleaving supportwe presentedin this paperfor
a classicloop-basedvectorizerprovidesthefirst stepto realizeit.

7. RelatedWork
Several works in the field automaticvectorizationhave addressed
at leastsomeaspectof datareordering.

Vectorizingcomputationsthataccessnon-unitstridedatamoti-
vatedthedevelopmentof theSIMdD (SingleInstructionson Mul-
tiple disjoint Data) model and SIMdD architecturessuchas the
eLite DSP of IBM [18]. Such architectureshave better support
for reorderingvectordatathantraditionalSIMD, andcanbenefit
from advancedcompilertechnology[19]. Usingthespecialvector-
pointersof eLite, the vectorizingcompilerpresentedin this work
wasableto addressa wide rangeof non-unit-strideaccesses.The
focusof this paperis to show thatdatareorderingcanbeefficient
alsofor standardSIMD platforms,usingstandardcompilerinfras-
tructure.

Some SIMD architecturesprovide capabilities to pack and
unpackdata to and from vector registersduring memoryopera-
tions [2, 6]. Reorderingwithin memoryoperationsincreasesthe
alreadylong latency of memoryoperations,maycausea seriesof
cachemisseswhenaddressingseveralremotelocationsandmisses
spatialreuseopportunities[31]. Our focuswasto analyzeandex-
ploit spatialreuseexplicitly by thecompiler, for relevantplatforms
thatexist today.

In Section6 wereferredto specialcasesof interleaving thatcan
be vectorizedusingSIMOMD operations,suchas thosetargeted
by [3, 16]. Also in section6 we discussedin detail the inter-
relationsbetweenour work and SLP [15]. Theseworks do not
addressthe generalproblemof interleaved data,but the way they
handlecertainspecialcasescanbe incorportedasan extentionto
ourwork.

Recentwork on classicalSIMD [9, 32] focuseson unit-stride
accesses,handlingthealignmentproblemwhichis relatedto thein-
terleaving problemwedealwith. TheIntel 8.0compilers[5, 4] can
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vectorize2-stridedaccessesandin particularaccessesto complex
data(e.g.theexamplein Figure1), targetingSIMOMD instructions
availableto [28]. To thebestof ourknowledge,oureffort offersthe
first generaltreatmentof power-of-2 stridedaccessesthat is appli-
cableacrossclassicalSIMD platforms.

Vectorizationcanalsobeprovidedby source-to-sourceoptimiz-
ers suchas VAST [29] (which also handlescomplex data).Our
aim is to integratethe handlingof interleaved datain a standard
compilerframework while estimatingperformanceimpactsof ad-
ditional extract/interleave instructions,their parallelismandregis-
terconsumption.Weaim to show thatvectorizingfor strideslarger
than2 canbe beneficialfor standardSIMD platforms(if accurate
performanceestimatesareused),counterto a generalbelief [30].

8. Conclusion
We have extendeda classicloop-basedvectorizerto handlecom-
putationsthat have non-unit strideaccessesto data.Counterto a
generalbelief, strided accessescan be vectorizedefficiently us-
ing standardloop-basedSIMD for strideseven aslarge as16 and
32, provided that the vectorizationfactor is sufficiently large and
thatadditionaloperationsexiststo hidesomeof theoverhead.This
holdseven if thedatais accessedwith gaps,whoseimpacton per-
formancecanbeestimatedandconsideredduringvectoriztion.Our
experimentsshow thatvectorizationimprovesperformanceof real-
world kernelswith strideashigh as ~ifæô , with speedupsof 3.2
and1.7for y�� =16and8 respectively.

Our implementationusesgenericoperationsfor reorderingdata
thataresupportedon many SIMD platformstodayandcanhandle
power-of-2 stridesefficiently. Wehaveincorporatedour implemen-
tation into the open-sourceGCC compiler which supportsa vast
rangeof platforms,making it freely available for future research
anddevelopment.Theapproachof extendingloop-basedvectoriza-
tion to handleinterleavedaccessescanserveasafirst steptowardsa
hybrid loop-aware-SLP which canexploit parallelismacrossloop
iterationsas well as inside loops, more efficiently than standard
loop-basedandSLPvectorizationtechniques.
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