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Abstract. The goal of our project is the development of a program synthesis
system to facilitate the development of high-performance parallel programs for
a class of computations encountered in computational chemistry and computa-
tional physics. These computations are expressible as a set of tensor contractions
and arise in electronic structure calculations. This paper provides an overview
of a planned synthesis system that will take as input a high-level specification
of the computation and generate high-performance parallel code for a number of
target architectures. We focus on an approach to performing data locality opti-
mization in this context. Preliminary experimental results on an SGI Origin 2000
are encouraging and demonstrate that the approach is effective.

1 Introduction

The developmentof high-performancearallel programsfor scienti ¢ applicationsis
usuallyvery time consuming Often, the time to develop anef cient parallelprogram
for acomputationainodelis theprimarylimiting factorin therateof progres®f thesci-
ence.Therefore approacheso automatedsynthesiof high-performancearallel pro-
gramsare very attractive. In general,automaticsynthesisof parallel programsis not
feasible.However, for speci ¢ domains,a synthesisapproachis feasible,asis being
demonstrateds.g.,by the SPIRAL project[35] for thedomainof signalprocessing.

Our long term goal is to develop a programsynthesissystemto facilitate the de-
velopmenbf high-performancearallelprogramdor a classof scienti c computations
encountereth computationathemistryandcomputationaphysics.The domainof our
focusis electronicstructurecalculations,as exempli ed by coupledclustermethods,
wheremary computationallyintensive componentsare expressibleas a setof tensor
contractionsWe planto develop a synthesissystemthat cangenerateef cient paral-
lel codefor a numberof targetarchitecturesrom aninput speci cationexpressedn a
high-level notation.In this paperwe provide anoverview of the plannedsynthesisys-
tem,andfocuson anoptimizationapproactor oneof the component®f thesynthesis
systenthataddressedatalocality optimization.

Thecomputationastructureghatwe addresarisein scienti ¢ applicationdomains
that are extremely compute-intensie and consumesigni cant computerresourcesat
nationalsupercomputecenters.Thesecomputationaforms arisein in somecompu-
tational physicscodesmodeling electronicpropertiesof semiconductorand metals
[2,8,28], andin computationathemistrycodessuchasACESIIl, GAMESS,Gaussian,
NWChem,PSI,andMOLPRO. In particular they comprisehebulk of thecomputation
with the coupledclusterapproacho theaccuratedescriptionof the electronicstructure



of atomsandmoleculeq21,23]. Computationahpproacheso modelingthe structure
andinteractionsof moleculesthe electronicand optical propertiesof moleculesthe
heatsandratesof chemicalreactionsgtc.,arecrucialto theunderstandingf chemical
processem real-world systems.

The paperis organizedasfollows. In the next section,we elaborateon the com-
putationalcontext of interestandthe pertinentoptimizationissues Sec.3 providesan
overview of thesynthesisystemjdentifyingits componentsSec.4 focuseson datalo-
cality optimizationandpresentsnew approactandalgorithmfor effectivetiling in this
context. Sec.5 presentexperimentalperformancedataon the applicationof the new
algorithm.Relatedwork is coveredin Sec.6, andconclusionsareprovidedin Sec.7.

2 The Computational Context

In theclassof computationgonsideredthe nal resultto becomputedtanbeexpressed
using a collection of multi-dimensionalsummationsof the productof several input
arrays.Dueto commutatvity, associatiity, anddistributivity, therearemary different
waysto computethe nal result,andthey coulddiffer widely in thenumberof oating
pointoperationgequired.Considerthefollowing expression:

S(a,byij) = Y Ala,c,i k) x B(b,e, f,1) x C(d, f,j,k) x D(c, d,e,1)
e,d,e,f,k,l

If this expressioris directlytranslatedo code(with tennestedoops,for indicesa — 1),

thetotal numberof arithmeticoperationsequiredwill be4 x N0 if therangeof each
index a — [ is N. Instead the sameexpressioncanbe rewritten by useof associatie
anddistributive laws asthefollowing:

S(a,bi, i) =Y <Z (Z B(b,e, f,1) x D(c, d,e,l)) x C(d, f, j, k)) x A(a, c,i, k)

e,k d,f e,l

This correspondso theformulasequencshavn in Fig. 1(a)andcanbedirectly trans-
lated into code as shavn in Fig. 1(b). This form only requires6 x N® operations.
However, additionalspaces requiredto storetemporaryarrays?'l and72.

Generalizingrom the above example,we canexpressmulti-dimensionaintegrals
of productsof severalinput arraysasa sequencef formulae.Eachformula produces
someintermediatearrayandthelastformulagivesthe nal result.A formulais either:
(i) amultiplicationformulaof theform: Tr(...) = X(...) x Y(...), or (ii) asumma-
tion formulaof theform: T'r(...) = Y, X(...), wherethetermson theright handside
represeninputarraysor intermediatearraysproducedoy a previously de ned formula.
LetIX,IY andITr bethesetsof indicesin X(...),Y(...) andT'r(...), respectiely.
For a formulato be well-formed,every index in X(...) andY(...), exceptthe sum-
mationindex in the secondform, mustappearin 7r(...). ThusIX U IY C ITr for
ary multiplicationformula,and/X — {i} C ITr for ary summatiorformula. Sucha
sequencef formulaefully speci esthe multiplicationsandadditionsto be performed
in computingthe nal result.

The problemof determiningan operation-optimakequencehat is equivalentto
the original expressiorhasbeenpreviously addressedby us. We have shavn thatthe
problemis NP-completeand have developeda pruning searchprocedurethatis very
efcient in practice[17,19,18].

An issueof greatsigni cancefor this computationatontet is the managementf
memoryrequiredto storethe elementf the variousarraysinvolved. Often, someof
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theinput, output,andintermediatéemporaryarraysaretoolargeto t intotheavailable
physicalmemory Thereforethe computatiormustbestructuredo operateon memory
residenblocksof thearraysthataresuitablymovedbetweerdiskandmainmemoryas
neededSimilarly, effective useof cacherequiresthatappropriateblockingor tiling of
the computationis performedwherebydatareusein cacheis facilitatedby operating
onthearraysin blocks.

If all arraysweresufciently small,the computationcould be simply expressedas
shovnin Fig. 1(b). Here,all elementf theinputarraysA, B, C, andD are rst read
in, the threesetsof perfectly nestedoops performthe neededcomputationsandthe
resultarray.S is output.However, if ary of thearraysis too largeto t in memory the
computatiormustberestructuredo procesghearraysin blocksor “slices” If, instead
of fully creatinganintermediatearray (like T1) beforeusingit, a portion of the array
could be createdand usedbefore other elementsof the array are created the space
requiredfor the array could be signi cantly reducedSimilarly, evenfor input arrays,
insteadof readingin the entire array blocks of the array could be readin and used
beforeotherblocksarebroughtin. A systemati@pproacho explorewaysof reducing
the memoryrequirementfor the computationis to view it in termsof potentialloop
fusions.Loopfusionmergesioopnestsvith commonouterloopsinto largerimperfectly
nestedoops.Whenoneloop nestproducesanintermediatearraythatis consumedy
anotheroop nest,fusingthe two loop nestsallows the dimensioncorrespondingo the
fusedloopto beeliminatedin thearray This resultsin a smallerintermediatearrayand
thus reduceshe memoryrequirementsFor the example consideredthe application
of fusionis illustratedin Fig. 2(a).In this casemostarrayscanbe reducedo scalars
without changinghe numberof arithmeticoperations.

For a computatiorconsistingof a numberof nestedoops,therewill generallybea
numberof fusionchoiceghatarenot all mutuallycompatible Thisis becauselifferent
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(a) Memory-reduced (fused) version
(b) Tiling of the memory-reduced version

Fig. 2. Pseudocodes for (a) the memory-reduced (fused) solution, and (b) a tiled example of the
same solution. In (b), the loop over c is split up in a tiling loop c¢7, and an intra-tile loop ¢r. The
“tile size” is denoted by T.. The procedure read_tile reads 7. elements from a four-dimensional
array on the disk (A or D) into a one-dimensional memory array of size T. (A or Dy).

fusion choicescould requiredifferentloopsto be madethe outermostin prior work,
we addressethe problemof nding thechoiceof fusionsfor agivenformulasequence
thatminimizedthetotal spacerequiredfor all arraysafterfusion[15,16,14].

Having providedinformationaboutthe computationatontext andsomeof the op-
timizationissuesn this context, we now provide anoverview of the overall synthesis
framework beforefocusingon the speci ¢ datalocality optimizationproblemthatwe
addressn this paper

3 Overview of the Synthesis System

Fig. 3 shovsthecomponentsf theplannedsynthesisystemA brief descriptiorof the
componentgollows:

Algebraic Transformations: It takes high-level input from the userin the form of

tensorexpressiongessentiallysum-of-productarray expressionspnd synthesizesn

outputcomputatiorsequencelheinputis expressedn termsof multidimensionasum-
mationsof the productof terms,whereeachtermis eitheranarray anelementafunc-

tion with eachargumentsbeingan expressionindex, or an expressioninvolving only

element-wiseperation®n compatiblearrays.The AlgebraicTransformationsnodule
usesthe propertiesof commutatvity and associatiity of additionand multiplication

andthe distributivity of multiplication over addition. It searchegor all possibleways
of applyingthesepropertieso aninput sum-of-product&xpressionanddeterminesa

combinationthatresultsin an equialentform of the computationwith minimal oper

ation cost. The applicationof the distributive law to factora term out of a summation
impliesthe needto useatemporaryarrayto hold anintermediateesult.

Memory Minimization: Theoperation-minimatomputatiorsequenceynthesizedby

the Algebraic Transformatiormodulemight requirean excessve amountof memory
duetothelargearraysinvolved.TheMemoryMinimizationmoduleattemptgo perform
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Fig. 3. The Planned Synthesis System

loop fusiontransformationgo reducethe memoryrequirementsThis is donewithout
ary changeto thenumberof arithmeticoperations.

Space-Time Transformation: If theMemoryMinimizationmoduleis unableto reduce
memoryrequirement®f the computationsequencéelow the available disk capacity
on the system the computationwill be infeasible.This moduleseeksa trade-of that
reducesnemoryrequirementso acceptabléevelswhile minimizing thecomputational
penalty If no suchtransformatioris found,feedbacks providedto the Memory Min-
imization module,causingit to seeka differentsolution.If the Space-Tme Transfor
mationmoduleis successfuin bringingdown the memoryrequiremenbelow the disk
capacitythe Datal ocality Optimizationmoduleis invoked.A framework for modeling
space-timdrade-ofs andderiving transformationss currentlyunderstudy

Data Locality Optimization: If the spacerequiremenexceedsphysicalmemoryca-
pacity, portionsof thearraysmustbe movedbetweerdiskandmainmemoryasneeded,
in a way that maximizesreuseof elementsn memory The sameconsiderationgre
involvedin effectively minimizing cachemisses— blocksof datamustbe moved be-
tweenphysicalmemoryandthe limited spaceavailablein the cacheln this paperwe
focuson this stepof the synthesigprocessGivenanimperfectlynestedoop generated



by the Memory Minimization module,the Data Locality Optimizationmoduleis re-

sponsiblefor generatingan appropriatelyblocked form of the loopsto maximizedata
reusein the differentlevelsof thememoryhierarchy

Data Distribution and Partitioning: The nal stepisto determinehow bestto partition

thearraysamongthe processorsf a parallelsystemWe assume data-parallemodel,

whereeachoperationin the operationsequencés distributedacrosshe entire parallel

machine.The arraysareto be disjointly partitionedbetweernthe physicalmemoriesof

theprocessorsThis modelallows usto decouplgor looselycouple)the parallelization
considerationgrom the operationminimizationand memoryconsiderationsThe out-

put of this modulewill be parallelcodein Fortranor C. Differenttargetprogramming
paradigmganbeeasilysupportedincludingmessage-passingth MPI andparadigms
with global shared-memonabstractionssuchas Global Arrays and OpenMP.Even

with theshared-spagearadigmsin orderto achieze goodscalabilityon highly parallel

computersystemscarefulattentionto datadistribution issueds essentialThustheun-

derlying abstractiorusedin determininggood datapartitioningdecisionsremainsthe

samejndependenof the programmingparadigmusedfor the nal code.

4 Data Locality Optimization Algorithm

We now addresshedatalocality optimizationproblemthatarisesn this synthesison-
text. Given a memory-reducedfused)versionof the code,the goal of the algorithm
isto nd the appropriateblocking of the loopsin orderto maximizedatareuse.The
algorithmcanbe appliedat differentlevels of the memoryhierarchy for example,to
minimize datatransferbetweermain memoryanddisk (1/O minimization),or to min-
imize datatransferbetweermain memoryandthe cache(cachemisses)ln therestof
thepaperwefocusmostlyonthecachemanagemengroblem.For thel/O optimization
problem thesameapproactcouldbe used replacingthe cachesizeCS by the physical
memorysizeMS.

Tiling, Data Reuse, and Memory Access Cost: Therearetwo sourcesf datareuse:
a)temporalreusewith multiple referenceso the samememorylocation,andb) spatial
reuse,with referencego neighboringmemorylocationson the samecacheline. To
simplify thetreatmenin therestof the paperthe cachéline sizeis implicitly assumed
to be one.In practice,tile sizesare determinedunderthis assumptionand thenthe
tile sizescorrespondingo loop indicesthatindex the fastest-aryingdimensionof ary
arrayareincreasedif necessaryo equalthecachdine size.ln addition,othertilesmay
besizeddown slightly sothatthe total cachecapacityis not exceeded.

We introducea memoryaccessostmodel (Cost), an estimateon the numberof
cachemissesasafunctionof tile sizesandloop boundsFor eachloop— eachnodein
theparsereerepresentation— we countthe numberAccesses of distinctarrayelements
accessefh its scopelf this numberis smallerthanthe numberof elementghat t into
thecachethenCost = Accesses. Otherwisejt meanghatthe elementsn thecacheare
not reusedrom oneloop iterationto the next, andthe costis obtainedby multiplying
thecostof theinnerloop(s)— child node(s)n the parsetree— by thelooprange.

To illustrate the costmodel,we considerthe fusedcodepresentedn Figure2(a).
Thecorrespondingarsetreeis shavn in Figure4(a). For the subtreerootedat nodel,
thenumberof elementsiccesseih thel loopis NV, for thearraysB andD, and1 for the
arrayT'1, for atotal of 2V; + 1 accessesThe computatiornof the numberof accesses
at the next nodein the parsetreee (next loop nestinglevel) dependson the relative
sizeof 2N; + 1 with respecto the cachesizeCS. If 2N; +1 > C'S, therecanbeno
reuseof thearrayelementsrom oneiterationof e to thenext. Thereforethenumberof
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Fig. 4. Parse trees for the fused loop structure shown in Figure 2(a).

accessefor thesubtreerootedate is N (2N; + 1). However, if 2N; + 1 < CS, there
is the possibility of datareusein the e loop. The numberof elementsaccesseth thee

loopis N; x N, for thearraysB and D, and1l for thearrayT'1 (thesameelementof T'1

is repeatedlyaccessedfor atotal of 2 x N; * N, 4+ 1 accesseslhe new costis again
comparedo CS, andthenthe next nodein the parsetreeis considered.

In practice the problemhastwo additionalaspectsthe parsetree hasbranchega
parentnode with multiple children nodes,correspondingo an outer loop with sev-
eral adjacentinner loops), and eachnodein the treeis split into a parent-childpair,
correspondingdo atiling loop node,andanintra-tile loop node.Figures4(a) and4(b)
presentthe parsetreesfor the samecomputation,performedwithout and with loop
tiling, respectiely. For a given N-nodeuntiled parsetree,the datalocality optimiza-
tion algorithmproceedsasfollows: rst, eachnodeis split into a tiling/intra-tile pair.
Subsequentlytheresulting2 N -nodeparsereeis transformedy loop permutatiorand
intra-tileloop ssion into anequialentparsetreewith the propertythatary tiling loop
is exterior to ary intra-tile loop (Figure4(b)). Then,we pick startingvaluesfor the N
tile sizes thus xing theloop rangedor the2N nodesin the parsetree(if the original
rangeof aloopis N;, choosingatile sizeT; for theintra-tile loop also x estherange
N;/T; of thetiling loop).

We thusobtaina 2 N-nodeparsetreewith well-de ned loop rangeslUsingarecur
sive top-dovn procedurewe computethe memoryaccessostof the parsetree (Fig-
ure5). Eachnodeis associateavith a loop index Looplndex, a booleanvalue Exceed
thatkeepstrack of the numberof distinctaccessem theloop scopein relationto the
cachesizeCSs alist of arraysArrayList accesseth its scopeandamemoryaccesgost
Cost. Thekey of thealgorithmis the procedureComputeCost, presentedn a pseudo-
codeformatin Figure5. ComputeCost (Node X) computeghe memoryaccessost



Node: {
Index Looplndex
boolean Exceed
int Cost
Node[] Children
Array[] ArrayList
}

Array: {
Index[] Indices
int Accesses

boolean Containlndex (Array A, Index Loopindex) =
{Tif LoopIndex € A.Indices; F otherwise}

InsertArrayList (Node X, Node Y')
foreach Array A € Y.ArraylList
if (A € X.ArraylList) then
X.ArrayList = X.ArrayListU A

ComputeCost (Node X):

X.ArrayList=NULL

X.Cost=0

X.Exceed=F

foreach Node Y € X.Children
ComputeCost (Y)
InsertArrayList (X,Y)
if YExceed)hthen X.Exceed=T

if t
goreach NodeY € X.Children
X .Cost +=Y.Cost * X.Index.Range
foreach Array A € X.ArrayList
A.Accesses = A.Accesses * X .Index.Range

else

int NewCost =0

foreach Array A € X.ArrayList
if g\l ontamlnd@(& , X. Looplnd@()) then

ewCost += A.Accesses * X .Index.Range

else NewCost += A.Accesses

if (NewCost < CacheSize) then
X.Exceed=F
X .Cost = NewCost
foreach Array A € X .ArrayList

if (Contamlndexngl X .Looplndex)) then
e Accesses*= X..Index.R Range
X.Exceed=T
foreach Array A € X .ArrayList
A.Accesses*= X .Index.Range
X .Cost += A.Accesses

Fig. 5. ProcedureComputeCost for computingthe memoryaccessostby atop-davn
recursve traversalof the parsetree.

of asub-treerootedat X, usingthe costmodelbasedon the countingof distinctarray
elementsaccesseth the scopeof theloop. The procedureoutlinesthe computatiorof
X.Cost for the generakaseof a branchedsub-treewith any numberof childrennodes.

Using this costmodel, we arrive at a total memoryaccessostfor the 2/N-node
parsetreefor giventile sizes.The procedurds thenrepeatedor differentsetsof tile
sizes,andnew costscomputedln the endthe lowestcostis chosenthusdetermining
the optimal tile sizesfor the parsetree. We de ne our tile size searchspacein the
following way: if IV; is alooprange we useatile sizestartingfrom T; = 1 (notiling),
andsuccessiely increasingl’; by doublingit until it reachesV;. This ensuresa slow
(logarithmic)growth of the searchspacewith increasingarraydimensionfor large N;.
If N; is smallenoughanexhaustve searchcaninsteadoe performed.

5 Experimental Results

In this section,we presentresultsof an experimentalperformanceevaluationof the
effectivenessf the datalocality optimizationalgorithmdevelopedin this paper The
algorithmfrom Sectiord wasusedto tile thecodeshavn in Figurel(b). Measurements
weremadeon a singleprocessoof a Silicon GraphicsOrigin 2000systemconsisting
of 32300MHzIP31processorand16GBof mainmemory EachprocessohasaMIPS
R12000CPUandaMIPS R12010 oating pointunit, aswell as64KB on-chipcaches
(32KB datacacheand 32KB instructioncache),anda secondaryoff-chip 8MB uni-
ed data/instructiorcache Thetile sizeselectionalgorithmpresenteaarlierassumes
asinglecachelt canbeextendedn astraightforvardfashionto multi-level cachesby
multi-level tiling. However, in orderto simplify measuremenrdnd presentatiorof ex-
perimentaldata,we choseto applythealgorithmonly to the secondargachen order
to minimize the numberof secondarycachemisses.For eachcomputationwe deter
mined the numberof missesusingthe hardware counterson the Origin 2000. Three
alternatveswerecompared:

— UNF: no explicit fusionor tiling



|
| TA [FUSTUNF [[TAJ[FUS[ UNF__|| TA [ FUS | UNF_|

[z ][ Memory requirement [[Performance (MFLOPS)]| Cache misses
L]

0.2]| 8MB | 30KB | 32MB [[484] 88 475 7.2 x 10°] 5.2 x 10° [3.2 x 10°
0.4]| sMB [0.2mB|0.5GB |[470] 101 451 1.4 x 107| 8.3 x 107 [5.3 x 107
0.5]| 8MB [0.5MB[1.2GB [[491] 80 460 2.9 X 107| 1.8 x 107 [1.4 x 10
0.6]| 8MB [0.8MB]|2.6GB [[477] 97 407 6.8 x 107| 3.3 x 107 [4.2 x 10®
0.7]| 8MB [1.3MB][4.8GB [[482] 95 N/A 1.0 x 10%[7.0 x 10° N/A
0.8|| 8vB [1.9MB|8.2GB [|466| 83 N/A 1.9 x 10%[7.9 x 10° N/A
1 [| 16MB [3.7MB] 20GB [[481| 92 N/A 4.8 x 10%]2.9 x 10™°] N/A
1.2|| 48MB |6.5MB]| 41GB ||472] 98 N/A 1.1 x 109[4.8 x 10T  N/A
1.4]| 80MB [10MB | 77GB [[486] 85 N/A 1.8 x 10°[8.5 x 10™°| N/A
1.6|[120MB| 15MB |131GB||483] 82 N/A 3.5 x 10°[1.6 x 10TX| N/A
1.8[[192MB[ 22MB [211GB||465| 77 N/A 5.1 x 10%(3.2 x 10| N/A
2 |[240mB|29mB [318GB||476| 79 N/A 8.1 x 10%]5.0 x 10™X|  N/A

Table 1. Performance data for fusion, plus tiling algorithm (TA), compared with performance
data for fused alone (FUS), and unfused loops (UNF).

— FUS:useof fusionalone,to reducememoryrequirements
— TA: useof fusion,followedby tiling usingalgorithmpresentedn Sectiond

We chosevariousarraysizesfor theproblemto testthealgorithmfor arangeof calcula-
tionstypicalin sizefor computationathemistrycodes:N; = N; = N = N; = 40z,
Ny = Ny = N, = Ng = 300z, andN, = Ny = 70z, for z runningfrom 0.2to 2
(Tablel). For largerz, somearrays(e.g.,7'1) aresolargethatthe the systems$ virtual
memorylimit is exceededso thatloop fusionis necessaryo bring the total memory
requirementsinderthe limit.

The codeswereall compiledwith the highestoptimizationlevel of the SGI Ori-
gin 2000FORTRAN compiler(-03). The performancelatawasgenerateaver mul-
tiple runs,and averagevaluesare reported.Standarddeviations are typically around
10MFLOPs.The experimentsnvererun on a time-sharedystem;so someinterference
with otherprocessesunningat the sametime on the machinewasinevitable, andits
effectsareespeciallypronouncedor thelargerz tests.

Table 1 shavs the memoryrequirementmeasuregerformanceandthe number
of secondarncachemissesgeneratedy the threealternatves. The main obsenations
from theexperimentare:

— The total memoryrequirements minimized by fusion of the loopsover b, ¢, d,
and f (FUS), bringing all four-dimensionabrrays(e.g.,72) down to at mosttwo
explicit dimensionsHowever, thememoryrequiremenbf fusionplusthetiling al-
gorithm (TA) is not much higher, sincethe tiling loopsarefused,andthe arrays
arereducedo muchsmaller‘tile” sizes.The UNF versionhassigni cantly higher
memoryrequirementsinceno fusionhasbeenappliedto reducetemporarymem-
ory requirementsAs z is increasedthe UNF versionrequiresmorememorythan
theperproceswirtual memorylimit onthesystem.

— The maximally fusedversion(FUS) hasthe lowestmemoryrequirementput in-
cursa severeperformancepenaltydueto the constraintdmposedon theresulting
loopsthat preventseffective tiling and exploitation of temporalreuseof someof
thearrayswhich leadsto a highernumberof cachemissesasshavn in Tablel.

— The TA andUNF versionsshav comparableerformancdor smallerz. The SGI
compileris quite effective in tiling perfectlynestedoopssuchasthe sequencef
threematrix-matrix productspresentn the UNF version.The performanceausing



the BLAS library routine DGEMM wasfoundto be the sameasthat of the UNF
versionwith a sequencef three nestedoops correspondingo the three matrix
products.

6 Related Work

Much work hasbeendoneon improving locality andparallelismthroughloop fusion.
Kennedyand co-workers[11] have developedalgorithmsfor modelingthe degree of
datasharingandfor fusing a collection of loopsto improve locality and parallelism.
Singhaiand McKinley [29] examinedthe effects of loop fusion on datalocality and
parallelismtogether Althoughthis problemis NP-hard they wereableto nd optimal
solutionsin restrictedcasesandheuristicsolutionsfor the generalcase Gaoet al. [6]
studiedthe contractionof arraysinto scalarghroughloop fusionasa meango reduce
arrayaccesoverheadTheir studyis motivatedby datalocality enhancemerandnot
memoryreduction.Also, they only consideredusionsof conformabldoop nests;.e.,
loop neststhatcontainexactly the samesetof loops.

However, the work addressedn this paperconsidersa different use of loop fu-
sion, which is to reducearray sizesand memoryusageof automaticallysynthesized
codecontainingnestedoop structuresTraditionalcompilerresearchhasnotaddressed
this useof loop fusion becausehis problemdoesnot arisewith manually-produced
programsRecently we investigatedhe problemof nding optimalloop fusiontrans-
formationsfor minimizationof intermediatearraysin the contet of the classof loops
consideredhere[15]. To the bestof our knowledge,the combinationof loop tiling for
datalocality enhancemenénd loop fusion for memoryreductionhasnot previously
beenconsidered.

Memory accesscost can be reducedthrough loop transformationssuch as loop
tiling, loop fusion,andloop reordering Although considerableesearcton loop trans-
formationsfor locality hasbeenreportedn theliterature[22,24,33], issuesoncerning
theneedto useloopfusionandlooptiling in anintegratedmannerfor locality andmem-
ory usageoptimizationhave notbeenconsideredWolf etal. [34] considetheintegrated
treatmenbf fusionandtiling only from the point of view of enhancingocality anddo
not considerthe impactof the amountof requiredmemory;the memoryrequirement
is akey issuefor the problemsconsideredn this paper Loop tiling for enhancinglata
locality hasbeenstudiedextensiely [27,33,30], and analytic modelsof the impact
of tiling on locality have beendeveloped[7, 20,25]. Recently a data-centricversion
of tiling calleddatashacklinghasbeendeveloped[12,13] (togetherwith morerecent
work by Ahmedetal. [1]) which allows a cleanettreatmenbf locality enhancemerin
imperfectlynestedoops.

Theapproachundertalenin this projectbearssimilaritiesto someprojectsin other
domainssuchasthe SPIRAL projectwhichis aimedat the designof a systemto gen-
erateef cient librariesfor digital signalprocessinglgorithms[35]. SPIRAL generates
ef cient implementationsf algorithmsexpressedn adomain-speci clanguagecalled
SPLby asystematisearctthroughthe spaceof possibleémplementationsSereralfac-
torssuchasthelack of aneedto performspace-timérade-ofs renderghetaskfacedoy
efforts suchasSPIRAL andFFTW [5] lesscomplex thanwhatcomputationathemists
face.Otherefforts in automaticallygeneratingef cient implementation®f programs
includethetelescopindanguageproject[10], the ATLAS [32] projectfor deriving ef-
cient implementatiorof BLAS routinesandthe PHIPAC [3] andTUNE [31] projects.

Recentlyusinga very differentapproachwe consideredhe datalocality optimiza-
tion problemarisingin this synthesicontet [4]. In thatwork, we developedan inte-



gratedapproacho fusion andtiling transformationgor the classof loopsaddressed.
However, thatalgorithmwasonly applicablevhenthe sum-of-productgxpressiorsat-
is ed certainconstraintontherelationshipbetweerthearrayindicesin theexpression.
Thealgorithmdevelopedin this paperdoesnotimposeary of therestrictionsassumed
in [4]. It takesa very differentapproachto effective tiling — rst performfusion to
minimize memoryrequirementsfollowed by a combinationof loop ssion, tiling and
arrayexpansionrransformationso maximizedatareuse.

7 Conclusion

This paperhasdescribedh projecton developinga programsynthesisystemto facili-
tatethedevelopmenbf high-performancearallelprogramdor aclassof computations
encounteredn computationathemistryand computationaphysics.Thesecomputa-
tions are expressibleas a set of tensorcontractionsand arisein electronicstructure
calculationsThe paperhasprovidedan overview of the plannedsynthesisystemand
haspresented new optimizationapproactthat cansene asthe basisfor a key com-
ponentof thesystentor performingdatalocality optimizations Preliminaryresultsare
very encouragingindshaw thatthe approachs effective.
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