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ABSTRACT

Computerarchitectsareconstantlyfacedwith the needto improve

performanceandincreasaheef ciency of computatiorin their de-
signs. To this end, it is increasinglycommonto seeagyclic com-
putationacceleratorgppeaiin embeddegrocessodesigns.One
major problemwith addingacceleratorso a designis thatit is dif-

cult to generatehigh-quality codeutilizing them. Hand-written
assemblycodeis typical, andif compilersupportdoesexist, it is

implementedisingonly greedyalgorithms.In thiswork, we inves-
tigate morethoroughtechniquedor compiling to processorsvith

agyclic accelerators Whereasgreedysolutionsonly explore one
possiblesolution,thetechniquepresentedh this paperexplorethe
entire designspace,when possible. Intelligent pruning methods
areemployedto ensurecompilationis bothtractableandscalable.
Overall, our nev compilationalgorithmsproducecodethat per

formson averagel0%, andup to 32% betterthanstandardyreedy
methods. Thesealgorithmsalsorun in lessthan one secondfor

morethan98% of basicblockstested.

Categoriesand Subject Descriptors

D.3.4[Processork [CodeGenerators]C.3[Special-Pumposeand
Application-BasedSystem$: [Real-timeandEmbeddedystems]

General Terms
Algorithms, ExperimentationPerformance

Keywords

Compilation,EmbeddedProcessors

1. INTRODUCTION

Many portabledevices mustbe capableof performingcompu-
tationally demandingtasks, such as processingdmages, signals,
video, or paclet streams.However, currentembeddedgrocessors
are not capableof meetingthe performancerequirementswithin
their tight powver and cost constraints. Traditionally, application-
speci ¢ integratedcircuits (ASICs) are utilized to do the heary
lifting in system-on-chiplesignswherecritical portionsof appli-
cationsare mappeddirectly to hardware implementations.These
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ASICsarenonprogrammablacceleratorthatcanachieve extremely
ef cient solutionsthroughhardware customization. ASICs often
yield ordersof magnitudewins over programmablesolutionsin
cost,performanceandenepy.

Lackof programmaubilityis thecentraldravbackassociateavith
ASICs. The needto freezea hardware implementatioris a major
obstacle asthe softwareis often a moving targetdueto changing
standardshug x es,andthedesireto incorporatemorefeatures A
middle-groundsolutionis to employ smaller but compilablehard-
wareacceleratorsieferredto ascomputationacceleators, within
the context of a programmableprocessor SuchASIPs (applica-
tion speci ¢ instructionprocessorsytilize computationaccelera-
torsthataretightly integratedinto a processopipeline. Thecom-
putationacceleratorare essentiallysmall ASICs that can atomi-
cally executeportionsof an applications data ow graph,termed
computationsubgraphs. The processoris augmentedvith a set
of new instructionsor a dynamic mappingmechanisnto invoke
the computatioracceleratorsComputationacceleratorsffer sev-
eral potentialadwantagesjncluding reducedatengy for subgraph
execution,increasedxecutionbandwidth,improved utilization of
pipelineresourcesandreducecburdenon theregister le for stor
ing temporaryalues.And unlike ASIC solutions,computatiorac-
celeratorglo not sacri ce the post-programmabilitpf the system.

Many computationacceleratodesignshave beenproposecdby
researchers.The most widely usedin industry is the multiply-
accumulatepr MAC, unit. Many DSPshave specializechardvare
for commoncomputationsn signal and image processing such
asdot product, sum of absolutedifferencesand compare-select.
A numberof generalizechcceleratodesignshave alsobeenpro-
posedsuchas3-1 ALUs [22, 25], closed-loopALUs [27], or ALU
pipelines[5]. Larger acceleratorsan supportbigger subgraphs
andthusenhancehe performanceadwantages.Exampleshat ex-
emplify this approachinclude FPGA-styleacceleratord14, 23,
26, 30], con gurablecomputeaccelerator§8], andprogrammable
carry function units [31]. An alternatve stratey is to synthesize
specializedcomputatioracceleratorfor aparticularapplication[3,
4,6, 9, 13,17]. Theseapproachesnalyzeanapplicationto iden-
tify importantcomputationsubgraphgo implementin hardware.
Hardware synthesicreateshighly specializecacceleratorso exe-
cute the selectedsubgraphs.Several commercialtool chainsuti-
lize this approachincluding TensilicaXtensa, ARC Architect,and
ARM OptimoDE.

Compilersupportto exploit computationacceleratorhasbeen
an overlooked challenge,and comprisesthe focus of this paper
The compiler hastwo major taskswhentamgetinga computation
acceleratorFirst, it mustidentify candidatesubgraphén thetarget
applicationthatarefunctionallyexecutableontheacceleratorThis
is essentiallya subgraphisomorphismproblem. The secondtask
is to selectwhich candidatesubgraphgo actually executeon the



computationaccelerator Candidateoften overlap, thusthe com-
piler mustselecta subseto maximizeperformanceyain. This task
is essentiallya graphcovering problem.

Most prior solutionsemplo/ a greedy compiler approachfor
both subgraphidenti cation and selection[5, 16]. With this ap-
proachaseecdbperationis selectecindasubgrapftompatiblewith
the accelerators growvn by iteratively including connectedpera-
tions. As with all greedyapproachesthis approachcan achiee
sub-optimalsolutionsin both identi cation and selection. Fur-
ther, disjoint subgraphsannotbe identi ed. However, for small
acceleratorssuchas 3-1 ALUs, this approachs sufcient dueto
the simple natureof compatiblesubgraphs.The greedyapproach
breaksdawn for larger acceleratorsvherecorrespondinglylarger
subgraphsnustbeidenti ed. As aresult,othershave proposedis-
ing exactmethoddor subgraphsomorphismandcovering[20, 21,
24]. Thesemethodsgron exponentiallyin subgraphsize, region
size(the unit of operationsanalyzedy the compiler),or both. As
aresult,exactmethodsansuffer from excessive compilationtimes
for moderateo largeapplicationandhencemaynotbepractically
deplgyable.

In this paper we proposean approachfor compiler subgraph
mappinghatcombinesxactmethodswith asetof intelligentprun-
ing techniques Pruningensuregshe proposedalgorithmsare scal-
ablein both applicationand acceleratoisize to provide practical
compilationtimes. The approachhasthreedistinct phases.First,
potentialsubgraphareidenti ed usingboundedenumerationSub-
graphisomorphismis thenusedto remove candidateshatarenot
compatiblewith the computatioracceleration Finally, unatecov-
eringis usedto selectsubgraphshatwill beexecutedontheaccel-
erator

This papemalesthefollowing threecontritutions:

It collectsanddescribestateof theart algorithmsfor accel-
eratorcompilation.

It presentsew algorithmsfor identifying andmappingsub-
graphsoptimally with intelligentpruningmechanisms.

It evaluatesthesenew algorithmsin termsof both perfor
manceand compilationtime acrossa variety of accelerator
designsandcomparegheresultsto a traditionalgreedyap-
proach.

2. PROBLEM STATEMENT AND RELATED
WORK

Compilingan applicationto make useof computationaccelera-
torsboils down to two steps:enumeating portionsof the applica-
tion'sdata ow graph(DFG)thatcanbeexecutedontheacceleratqr
andselectingwhich portionsto accelerate.

Enumerationconsistsof generatinga setof subgraphsrom a
givenDFG, anddeterminingf they canrunonanacceleratorGen-
eratinga setof subgraphss dif cult because¢he numberof possi-
ble subgraphgrows exponentiallywith thesizeof theDFG. Deter
miningif thesubgraphganrunonanacceleratqii.e., determining
if they performthe samecomputation,is essentiallyequivalence
checking,which is NP-complete.The problemis further compli-
catedif the acceleratorperforma supersebf the desiredcompu-
tation (e.g., an acceleratoffor dot-productscould also accelerate
multiply-accumulate# anapplication).

Selectingwhich subgraphgo accelerates alsodif cult. Typi-
cally, the selectionproblemis formulatedto pushasmuchcompu-
tation aspossibleonto the acceleratorsyhile minimizing overlap
betweensubgraphsThatis, given a setof enumeratedubgraphs,

nd thegroupthatcoversthelargestportionof the DFG while min-
imizing thenumberof nodesappearingn multiple subgraphsThis
problemis alsoNP-completeandis quitesimilarto thewell knovn
technologymappingproblemin VLSI design. Clearly, mapping
applicationgo subgraphss a challengingcompilationproblem.

To sidestepthe problem,the vastmajority of previouswork re-
lies on handcoding or greedyheuristics. Work on automatedac-
celeratordesigntypically doesnot discussstratagyiesfor utilizing
the acceleratorsvith compilers.Work by Hu [16] is typical of the
greedysolutions:a seednodeis selectedn the DFG andis growvn
along data ow edges. The compiler then replacesthat subgraph
andrepeatshe process.Here, enumeratiorconsistsof nding a
seedandgrowing it, while selectionis implicit (ary subgraptenu-
merateds automaticallyselected).Otherprevious work [27] per
formsmorethoroughenumerationbut still usesgreedyselection.

More thorough, traditional code generationmethodsfor tack-
ling subgraphmappingusea tree covering approach1]. In this
approachall computationsubgraphgotentially supportecby the
acceleratomustbe constructeda priori. During compilation,the
DFG is split into several trees. The treesarethencaoveredby the
computatiorsubgraphsisinganalgorithmthatminimizesthenum-
ber of computationsubgraphsised. The purposebehindsplitting
the DFG into trees rst is thattherearelineartime algorithmsto
optimally cover trees makingthe processsery quick.

Themajorproblemwith this methodis thatmary DFGsandac-
celeratorarenottrees.lt is shavn in [20] thattreecoveringmeth-
odscanyield suboptimalesults particularlyin the presencef ir-
regularcomputatiorcommonlytamgetedoy embeddedystemsTo
overcomethis, [20] proposesplittingall instructionsnto “register
transfer” primitives and recombiningthe primitivesin an optimal
mannerusing integer programming. Work by Liao [21] attacled
thesameproblemanddevelopedanoptimalsolutionfor DFG cov-
ering by augmentinga binatecovering formulation. While both of
thesesolutionsare optimal, they alsohave worst caseexponential
runtimeanddo notreporthow long their algorithmstake.

Another major problemwith previously mentionedapproaches
is that they also require permissibleacceleratorsubgraphgo be
enumerated priori. If an acceleratoisupportsa wide rangeof
computationssuchasanALU pipeline thiscancauseanexplosion
in runtime.

Researchn [24] describes differentway to look at the accel-
eratormappingproblem. In this work, an applicationis initially
decomposeihto an algebraicpolynomialexpressiorthatis func-
tionally equivalentto the original application. Next, the polyno-
mial is manipulatedsymbolicallyin an attemptto useaccelerators
asbestaspossible.For example,a polynomialcould be expanded
usingfunctionidentities(e.g.,adding0 to a value)to better t an
acceleratorThis enableghe algorithmto utilize subgraphsvhere
theacceleratoperformsa supersebf the desiredcomputation As
with previous solutions,though,this techniquealsohasexponen-
tial worst-caseuntime. Additionally, handlingbitwise operations,
suchasXOR, is dif cult usingpolynomials.Rearrangingpplica-
tion to better t atargetedacceleratgrsuchas[24] proposesis an
interestingareaof futurework, though.

In thiswork, we presentompilationtechniqueso exploit agyclic
computatioracceleratorsThesetechniqueproducehigherquality
codethangreedyheuristicsdo not requirea priori enumeratiorof
permissibleacceleratosubgraphsandarescalableto large appli-
cations.

3. ACCELERATOR COMPILATION

In this section,we presentwo differentapproacheor compil-
ing to agyclic acceleratorsThe rst approachgreedyenumeation
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Figure 1: A. An agyclic acceleratofrom [8] targetedin examplesB. The rst stepin agreedymappingalgorithmon a basicblock from g721encodeC. The

secondstepandD. nal stepin thegreedymappingalgorithm.

- immediateselectionis the mostcommonlyusedapproachoday
This methodgenerates setof subgraphdy greedilyaddingver
ticesto aseedvertex fromthe DFG. Oncethesubgraphsregrown,
they areimmediatelyreplacedn theapplication thusthenameim-
mediateselection.The secondapproachfull enumeation - unate
covering selection is our contrikution. This approachgenerates
all possibledata ow subgraphsubjectto certainconstraintof the
targetedacceleratorThe setof subgraphss thenpruneddown us-
ing subgraphisomorphism,and nally unatecovering selectsthe
subgraphso executeontheaccelerator

3.1 GreedyEnumeration - Immediate
Selection

Greedyenumeration immediateselectionor greedyalgorithms
for short,is the standardnethodusedto targetagyclic accelerators,
e.g.,in [5, 15]. Thegreedyalgorithmconsistof two phasesseed
selectionand subgraphgrowth. Using a basicblock asinput, the
greedyalgorithmselectsan operationasa seedandtriesto expand
thatseedby iteratingover data ow edges After growing oneseed
asmuchaspossible the subgraphis replaced.Next, anotherseed
is selected,and the samestepswill be repeated. The algorithm

nishes whenno moreseedsareavailablefor growing.

The rst stepin thegreedyalgorithm,seedselectioncanbeper
formedin several differentways. For example,operationscloser
to the critical pathcanbe choserasseeddeforelesscritical oper
ations. Alternately long lateng operationsanbe selectechefore
shorteroperations. In our experiments,changingseedselection
ordermadevery little differencein the resultsof the greedyalgo-
rithm, becausehe tamgetedacceleratomwasrelatively largein re-
lation to the sizeof a typical basicblock. Theresultspresentedn
this paperselectedeedsn topologicalorder accordingo data ow
edges.

After choosinga seed,a subgraphconsistingonly of that oper
ationis formed. The algorithmthenentersits secondphase sub-
graphgrowth, trying to expandthis subgraph. Neighborsof the
seedoperationare temporarilyaddedto the subgraphone at the
time. If this temporarysubgraphis executableon the acceleratqr
thenthe new nodepermanentlypecomesart of the subgraph.If
the temporarysubgraphis not executable,thenthe newly added
nodewill beremoved. Whenit is no longerpossibleto addneigh-
borsto the subgraphit is immediatelyreplacedn the application,
anda new seedis selectedrom operationsot alreadyappearing
in asubgraph.

An exampleof the greedyalgorithmis shawvn in Figurel. Fig-
ure 1B is a DFG from the g721encodéenchmarkusedin exam-
plesthroughouthe paper Figure 1A shaws the agyclic accelerator

targetedin all of theexamples.This acceleratqrsimilarto onepro-
posedin [8], has4 inputs, 2 outputs,and 15 function units (FUs)
organizedin 4 rows. The FUsin eachrow cancommunicatevith
FUsin subsequentows, meaningcomputationsvith dependence
heightsof up to 4 aresupported.TheseFUs supportthe complete
setof addition,subtractionandbitwise operatoron two inputs.
Figure 1B highlights the rst subgraphenumeratedising the
greedymethod. Operationl is chosenasthe rst seed.The sub-
graphthengreedilyaddsneighboroperations3, 6, and11. After
addingoperationl1, 13 cannotbe addedsincethatwould createa
subgraphwith dependencheight5, which is not supportedy the
acceleratorOperationl1's neighbors 10 and8, canbe added re-
sultingin the nal subgraptshavn in Figure1B. The procesghen
repeatswith operation2 asa seednode. This subgraphis growvn
alongdata ow edgesto includeoperatiord in Figure1C. Growth
stopsat operation?, a multiply, which is not supportedy the ac-
celerator The nal greedymappingof the DFG is shavn in Fig-
ure 1D. Assuminga single issueprocessowhereeachoperation
andthe acceleratotake onecycle to execute this mappingwould
yield a speedupf 3l+1 = 2:43, sincethereare 17 original opera-
tions, 3 unacceleratedperationsand4 acceleratedubgraphs.

3.2 Full Enumeration - Unate Covering
Selection

Greedysubgraphmappershave proven reasonablyeffective in
mary previous works. Certaincombinationsof greedyalgorithms
with morethoroughstratejies have alsoproven effective [27]. In
this section,we describethefull enumeratiorr unatecovering se-
lection, or FEU, algorithm,which solvesthe mappingproblemus-
ing exactformulations. This effectively avoids local minimathat
inherentlycausegreedyalgorithmsto fail. Whenthe exactformu-
lationsareintractable the FEU algorithmintelligently reduceghe
searchspaceo workablelevels.

Thereare threemain phasedo the FEU algorithm: Enumera-
tion, Pruning,and Covering. Enumerationgenerates setof all
subgraphswvithin a DFG subjectto input/outputconstraintof the
targetedaccelerator Pruningtakes the setof subgraphsnd per
formsadditionalcheckshasedon functionality andinterconnecto
determindf the subgraphsictuallycanbe executedon thetargeted
accelerator Onceunusablesubgraphsre pruned,unatecovering
is usedto selectthe bestsetof subgraphinstanceso mapontothe
accelerator

Individually, eachof thesestepseithergrows exponentiallywith
the size of the input (enumeration)or is NP-Complete[11, 12]
(pruningandcovering). This hasleadmostresearcherto opt for
(typically) lineartime greedysolutions. In the remainderof this




sectionwe will demonstratéhatwith carefuldesigneachof these
problemscanbe madetractablefor mostpracticalcasesn accel-
eratorcompilation. Additionally, we demonstratén Section4 that
usingmorepowerful algorithmsyields noticeablgperformanceém-
provementsn codegeneratedverthestandardyreedyapproaches.

3.2.1 Full Enumeation

The rst stepof the FEU compilationalgorithm, enumeration,
generates setof data ow subgraphghat can potentially be run
on atargetedacceleratorTheprimaryreasorfor enumeratingub-
graphsandthenlaterpruningthemis thatit is muchfasterthanper
forming both stepsat once. Very fasttechniquedor nding high-
quality subgraphdor acceleratiorhave beenwidely developedin
thepastfew yearse.g.,[3, 4, 9], andthis stratgy allows usto take
adwantageof them.

Tractablesubgraphenumerationis clearly a dif cult problem.
In the mostgeneralsense eachoperationin a DFG could either
be includedor excludedin a potentialsubgraphinstanceyielding
2N potentialcandidates.Becauseof spacerestrictions,the large
body of previous work, andthe relative compleity of proposed
techniqueswewill only describenhow to ef ciently enumeratsub-
graphsatahighlevel.

Data ow subgraphenumeratiorcan be thoughtof as a binary
tree, whereeachlevel of the tree representsn operation(op for
short), and eachbranchin the tree representavhetheror not to
includethatop in a subgrapH3]. Theleavesof thetreerepresent
all possiblesubgraphgor aDFG. Therearemary keysto malke full
explorationof thistreetractable.

The mostimportanttechniqueis basedon input/outputrestric-
tions of the acceleratorUsingthe DFG from Figure 1B asan ex-
ample,if atargetedacceleratoonly supported? inputs,thenary
candidatesubgraphincludingops1, 2, and5 would be infeasible.
Enumerationcan be boundedfor eachbranchof the treethatin-
cludesall of thoseops. Likewise, boundingfor outputsgreatly
reduceghesearchspace Caremustbetakento avoid prematurely
boundingthe searchspacethough. For example,a subgraphwith
ops6 and10 would appeatto have 2 outputs;however, if op 11is
included,thensubgrapts, 10, 11 only has1 output,perhapsnak-
ing it feasible.

Anotherimportantboundingtechniqueis excluding candidates
with valuesthat leave andthen reenterthe subgraph.Using Fig-
urelB asanexampleagain this lter wouldboundthesearctspace
of ary subgraphhatincludedops1 and6 but excludedop 3. Sub-
graphl, 6 could notberun on anacceleratosincethe outputof 1
is usedto calculateaninputto 6.

Thesetechniquego boundgrowth of the searchireemake sub-
graphenumeratiompracticalfor the vastmajority of blockswithin
applications;thereare someinstancesvhere additional stepsare
neededthough. In theseinstancesthe DFG is heuristicallypar
titioned into several sub-blockswhich arethenenumerated.The
implicationof partitioningis thatno candidatesubgraphgancross
the boundary(i.e., a subgraphcannothave opsin multiple parti-
tions). Edgesareheuristicallyweightedto guidethe partitionerso
thatis doesnot unnecessarilyut edgesfor importantsubgraphs.
For example,if the tamgetedacceleratodid not supportmultipli-
cation, thenall the edgesto andfrom op 7 in Figure 1B would
be givenweight0, sincethe opson eitherside of the edgescould
never be in a feasiblecandidate. Edgesborderingmemoryoper
ationsare also given weight 0 wheneer the acceleratodoesnot
supportmemoryaccessedAll otheredgesaregivenweightsbased
on characteristicsuchas whetheror not they are on the critical
path. Heuristicpartitioningdoesintroducepotentialsuboptimality
into the FEU algorithm; however, previouswork [9] demonstrated

thatthisis aneffective wayto boundtheenumeratiorspacevithout
unnecessarilyemoving usefulsubgraptcandidates.

3.2.2 Pruning ThroughSubgaphlsomorphism

Pruningis the next step after enumeratiorgenerategotential
subgraphso executeon the acceleratorThe purposeof pruningis
to ensurethat candidatesan actually be executedon the acceler
ator This takesinto accountfunctionality and connectvity issues
that wereignoredduring enumeration.Pruningoccursafter enu-
merationbecausahesechecksare either not possibleto perform
on partial candidatesor aretoo heary weightto useduring con-
structionof theenumeratiorsearcttree.

The methodemplo/ed to determinethat subgraphganexecute
onanacceleratois basednsubgraphsomorphismLooselystated,
subgraphisomorphismdeterminesvhetheror not a subsetof the
nodesin a particulargraphare equivalentto a separategraph. In
thiscaseagraphrepresentinghehardwarestructurds constructed,
andwe attemptto nd asubsebf hardvareverticesthatcancreate
a computationequivalentto the subgraphcreatedin enumeration.
If we nd sucha subsetthenthe data ow subgraphis capableof
beingexecutedontheaccelerator

Thereare several pros and consto pruning basedon subgraph
isomorphismOnebene tis that,aswith enumerationagreatdeal
of relatedwork (e.g.,[19, 28]) haslooked at developing heuristics
to ef ciently solve subgraptisomorphismthe problem. We lever-
ageandimprove upontheseprior techniquesn thiswork. An addi-
tional bene tis that previouswork [29] hasshavn it is possibleto
automaticallygeneratehardware subgraphgrom a microarchitec-
tural speci cation. This meanshata compilertargetingaccelera-
torscouldpotentiallyberetagetedby simply feedingit ahardware
descriptionof thetargetedaccelerator(s).

The main weaknes®f isomorphism-basegruningis thatit is
not a true equivalencecheck. Thatis, the algorithm only checks
that nodesusedto representomputationform equialentgraphs,
not thatthey areequivalentcomputations.For instancejf a DFG
represente@ multiplication by 10 asa left-shift by 3 bits, a left-
shift by 1 bit, andanadditionof thosetwo results thenthis would
not matchan acceleratowith a multiplier. Additionally, isomor
phism pruning will reject DFGs that could potentially map onto
acceleratordy reexpressingthe computationusing distributivity,
associatiity, or other operatorproperties. In orderto recognize
thatmultiple graphgperformthe samecomputationpruningwould
have to performafull equivalencecheck,typically usingBDDs[7]
or their relatives (ADDs, BMDs, etc.). This is far more computa-
tionally demandinghanisomorphisnfor acceleratoref practical
size,althoughaninterestingavenuefor futurework.

The implicationsof this dravbackaretwofold. First, the com-
piler is at the merg of the software writer to a certainextent. If
the algorithmis describedn software differently thanit is repre-
sentedn the hardware graph,thenthe compilerwill be unableto
acceleratat. Secondacceleratohardware structureshat do not
mapdirectlyto asinglenodein the DFG aredif cult to utilize. For
example alookup-tablds capableof executingany numberof con-
secutve bitwise operationgrom adata ow graph.Becausef this,
thereis noequivalent( nite) hardwaregraphthatcanrepresenthis
computationastructure.

This dravbackaffectsboth full-enumeration-basedndgreedy-
basedcompilationalgorithms,and leavesroom for improvement.
However equvalence-basedlgorithmshave provenintractableto
this point.

Subgraph Isomorphism Algorithm: Thealgorithmusedto de-
termineisomorphism,Algorithm 1, is basedon the backtracking
searchstratgy describedn [19], whichwasitself adaptedrom [28].



Input: S°= (V% E®; T = (W;F)
foreachv? 2 v °do
foreachw; 2 W do
if v0 is equivalentow; then
if dependencdeight?)
| Mi = M; + Wj
end
end
end
end
7 CallAssig nV ertex (M ; x; 1);

dependencéeightfv; ) then

OU A WNPEP

ProceduréAssig nV ertex (M ; x; vertex)
8 if vertex > jSY% then

9 if Subgaphoutputsmapthen
10 | returnlSOMORPHIC;
end
11 else
12 | returnNOT ISOMORPHIC;
end
end
13 foreachmj 2 M e tex do
14 edges_match = tr ue;
15 forj = livertex do .
16 if evj[):v‘(/Jer o 2 E andex(vjo);mi 2 F then
17 | edges_match = f alse ;
end
end
18 if edges_match then
19 SEtX(V\?er ox ) = Mi;
20 M%= M;
21 assig nment _wor ks = tr ue;
22 forj = vertex + 1:jV % do
23 MP=M? my;
24 foreachmy 2 M ?do
25 €0, o w0 2 anndex(\,eer o )im ¢ 2 F then
26 | MP= M my;
end
27 else
28 if e,0 0 2 E%andk < i then
ver tex ' j
29 | MP=MP  my;
end
end
end
30 if jMQj == Othen
31 assig nment _works = f alse;
end
end
32 if assig nment _wor ks then
33 result= call Assig nV ertex (M 0. x; vertex + 1);
34 if result==ISOMORPHICthen
35 | returnlSOMORPHIC;
end
end
end
end

36 returnNOT ISOMORPHIC;
Algorithm 1: Subgraphsomorphismalgorithm

The basicideais to recursvely assignone vertex from S° the
data ow subgraphio a correspondingertex in T, the hardware
graph,and checkto ensurethat the correspondingedgesexist in
both graphswhen&er a nev nodeis assignedln orderfor this al-
gorithmto becomputationallyfeasible anumberof stepsaretaken
to prunethe searctspace.

Algorithm 1 takes the two graphsS°® = (V%E% andT =
(W; F) asinput. In this formulation,V ° representsperationsn
thesubgraphE ° data ow edgesn thesubgraphW FUsin theac-
celeratorandF wires connectinghoseFUs. Initially, a group of
sets,M , arecalculatedsuchthatM; containsall verticesin W that
areof thesamecomputatiortypeasv; . Essentiallythis stepcreates
asetof candidatenodesin T thateachnodein S° canbe mapped

to. For example,if vi wasan ADD node,M 1 would containall
hardwarenodeswith additioncapabilitiesin W . This processcor-
respondgo lines 2 - 6 of Algorithm 1. This informationis passed
to theprocedureédssig nV ertex, alongwith themappingfunction,
x(), andthevertex numberto bemapped.

TheAssignV ertex() procedurdteratesoverthesetof possible
nodes(line 13 in Algorithm 1) testingthat every edgein E° has
a correspondingedgein F for the nodesthat have alreadybeen
mapped(lines 15 - 17). Assumingthat the edgesmatch,x() is
updatedandthe setsof potentialmatchesM , is updatedo re ect
the new information. This pruningof the searchspacds critical to
avoiding anexponentialexplosionof runtime.

Two techniquesareusedto remove nodesfrom M afteranode
assignment. The rst, lines 25 - 26, looks at all verticesin VO
not yet assignedand checksto seeif thereis an edgein E° con-
nectedto the nodejust assignedylq x . If suchan edgeexists,
ary nodesin M thatdo not have a correspondingdgein F con-
nectedwith X (V2 ex ) canberemovedfrom thesearctspaceThe
secondpruningtechniquglines 28 - 29) leverageghefactthatwe
aredealingwith directedacyclic graphs.WhencreatingS® andT,
we imposethe restrictionthat the verticesmust be topologically
sortedwithin thesetsV °andW . Thatis to say 8 verticesi; j such
thati > j; e; 2 E. In otherwords,thereareno edgesrom ver
ticeswith higherordernumbergo verticeswith lower ordernum-
bers. This restrictionallows usto remaove ary vertex from M that
hasalowerordernumberthanthecurrentlyassigne@rdernumbey
sinceno suchbackward edgecanexistin F. If atary pointduring
pruning,the sizeof the candidatesetfalls to zero(line 30), thenit
is nolongernecessaryo examinethis partof thesearchree. These
simplepruningtechniquesurn anintractableprobleminto onethat
is solved muchfasterthaninstructionschedulingin our compiler
infrastructure.

After pruningthe searchspace,AssignV ertex is recursvely
calledto assigrthenext vertex usingthereducedsearctspaceM °.
This is continueduntil all nodesin S° mapto correspondingnodes
in T thoughthe function x(), or it is proven that no suchmap-
ping exists. Oncea mappingis found, it is still necessaryo ensure
thatthesubgraploutputsmapontothetargetedacceleratoline 9).
Thisis doneusingthe Dijkstra's algorithmto nd theshortespath
betweemodesproducingthe outputsandoutputports. If this nal
checkpassesthenthe subgrapltanindeedexecuteon thetargeted
accelerator

Impr ovementsOver Previous Work: Therearethreemain al-
gorithmicimprovementsover previous proposedsubgraptisomor
phismalgorithms.First, aspreviously mentionedyertex numbers
are assignedopologically to ensurethat if an edgeexists, then
the sourcenumberis lessthanthe destinationnumber This dra-
matically reducesthe setsof potential candidatesM , shawvn in
lines28 and29 of Algorithm 1. Topologicalsortingof verticeshas
beenpreviously proposedor a differentstyle of isomorphismal-
gorithms[18], but only to generataninitial solution,notto prune
thesearchspace.

A secondimprovementprunesthe candidatesetsby using de-
pendenceheight of the candidateqline 5 of Algorithm 1). De-
pendencéeightrefersto the maximumsizedchainof operations
that mustprecedea particularoperationin a graph. For example,
in Figure 1B, node10 hasa dependencéeightof 1 since8 must
precedeit, and node 11 hasa dependencéeight of 3 sincethe
chain1-3-6 mustprecedat. Whencreatinga setof candidategor
nodell in the representate hardware graph,we know that skip-
ping ary nodeswith dependencéeightlessthan3 will not affect
the solution. This optimizationalsorelieson the agy/clic natureof



Figure 2: A. Subgraphfrom Figure 1A to be testedfor subgraphsomor
phism,B. hardwareacceleratobeingtargeted

the graphsthatwe arematching,andhasa dramaticimpacton the
overall algorithmruntimé'.

The last optimization developedrelatesto the orderin which
nodesareassignedNotethatin Assig nV ertex, pruningof M oc-
curswhenedgesdo not matchup in the currentassignx() . Thus,
it is importantto make thesecomparisonsshighin thesearchree
aspossible Thisis accomplishedby assigningrerticesin orderde-
terminedby adepth rst search(notshavnin Algorithm 1). Unlike
theprevioustwo optimizationsthis techniquds applicablefor ary
stylegraph,notjustdirected-agclic graphs.Thesethreeoptimiza-
tions contritute to make subgraphisomorphisma tractableway to
determinewhethera data ow subgraptcanexecuteon a hardware
accelerator

Subgraph Isomorphism Example: Algorithm 1 is complicated
andwe will hopefully clarify it throughthe examplein Figure 2.
Here thedata ow subgraphn Figure2A (from FigurelB)is checled
for subgraphisomorphismon the acceleratographin Figure 2B.
First,asetof candidatesn Figure2B is constructedor eachvertex
in Figure2A. This correspond$o M in the algorithm. Examining
vertex 3, we seethatonly hardvarevertex C canexecutelogic op-
erationssoM; = fCg. Likewise,M¢s = fF; G; H g, sinceary of
thosehardware verticescould executethe subtraction.The candi-
datesetof vertex 11,M 11 = f G; H g demonstratethedependence
heightpruning;F cannotbein the solutionspacebecausehereis
only one hardware vertex precedingit. The remainingtwo sets,
Mg = fAgandM iy = fD; Eg, areaswould beexpected.

After the candidatesetsarecomputedadepth rst searchs per
formed (irrelevant of edgedirections)to determinethe orderin
which to assignvertices. In this example, the assignmenbrder
will be 3, 6, 11, 10, and8, althoughthis orderingis irrelevant for
correctness Assig nV ertex() is thencalledfor node3. The al-
gorithmiteratesover the setof candidatesM 3, andupdatesM for
neighborvertices. In this case sincevertex 6 neighborsvertex 3,
M canremove candidate$c andH from its set,sinceneitherof
thoseverticesare neighborsof C. Next, AssignV ertex() is re-
cursively calledto mapvertex 6. The algorithmmapsvertex 6 to
F, sincethatis the only possibilityin M. Lines 15-17 of Algo-
rithm 1 checkto make surethatsincethereis anedgefrom vertices
3 to 6, that thereis alsoan edgefrom C to F. Vertex G is re-
moved from M 11, sincethereis no edgefrom F to G, andagain
AssignV ertex() is calledfor vertex 11. Vertex 11 is mappedto
H, and 10 is mappedto E similarly to the previous two nodes.
However, oncel10 is mappedto E, thenthe candidatesetM g be-
comesempty sincethereis no edgefrom A to E. Thisboundsthe
recursiorof Assig nV ertex () whichthentriesanothermssignment
for vertex 10, D. Usingthis mapping,vertex 8 canbe assignedo

1AIthough someof the improvementsover previous isomorphismalgo-
rithms rely on the ag/clic natureof the subgraphgameted,they caneas-
ily be extendedto cyclic graphsby treatingthe backward edgesin cyclic
subgraphseparatelyrom forwardedges.

1 Input: booleanmatrixM , whereM i = tr ue if opi isin subgraph
2 putput: A vectorx, x; 2 fO0;1g", whereM x = (1;1;1;::; 1)T and
., xi isminimized

Sortcolumnsof M in orderof decreasingize
CallCover(1;tr ue; M ; x);
CallCover(1;f alse; M ; x);

g~ w

ProcedureC over (subgr aph; add _subgr aph; M ; x)
6 if add _subgr aph then

7 if (Mx&&( M 1;subg raph ;Mz;subg r aph ;M m;subg raph )T) 6
(0;0;0::0)7 then
/I Subgraploverlapswith the partial solution.
8 return;
end
9 Xsubg raph = 1;
10 fMx5= (1;11;: 1)7T then
11 if ., xi < fewest_subgpaphs then
12 f ewest_subgraphs = = [, Xi;
13 best_solution = x;
end
/I Founda completecover.
14 return;
end
end

15 if subgraph + 1> n then
‘ /I Did not nd acompletecover afterexaminingall subgraphs.

16 return;

© m Pn (M x)j
17 M X+ 1=l !
i=1 i=1 MA i;subg raph )
/I Thecurrentsolutioncannotpossiblybethe best.
return;

f ewest _subgr aphs then

18

end
19 CallCover(subgraph + 1;tr ue; M ; x);
20 CallCover (subgraph + 1;f alse; M ; x);

Algorithm 2: Unatecovering selectionalgorithm

A, whichwill completethemapping,andprove thatthereis a sub-
graphof Figure2B thatis isomorphicto Figure2A.

3.2.3 SelectiorlJsingUnateCovering

Now thatwe have a setof subgraphshatcanexecuteontheac-
celeratorit is necessaryo selectwhich onesto executeon theac-
celerator In standardgreedysolutions,this stepis implicit within
enumerationeachenumeratedubgraplis automaticallyselected.
However, greedyselectioncan also be performedin conjunction
with full enumeratioralgorithms,e.g.,in [27]. Greedyselection
algorithms typically mapthelargestsubgraptontotheapplication,
remove all overlappingsubgraphg$rom the considerationandthen
repeathis procesauntil no morecandidatesemain. The problem
with thistechniquds thatit will provide suboptimalresultswhen-
everthelargestsubgrapltis not partof the bestsolution.

Insteadof a greedyheuristic,we proposesolving the selection
problemby convertingit to a unatecovering. Informally speaking,
unatecovering problemsoperateon a Booleanmatrix, M , where
the rows representerticesin a DFG, andthe columnsrepresent
subgraphsif thevalueof M;; is true, this meanghatoperationi
occursin subgraphj . Traditionally, the goalof unatecoveringis to

nd asetof columns(or subgraphsyvith minimal cost, suchthat
eachoperationis coveredatleastonce.In thisformulation,thecost
of a subgraphcould be a variety of things, suchasthe numberof
cyclesneededo executeon a particularacceleratoor the powver
consumedby a subgraph. As with using subgraph-isomorphism
for the pruningalgorithm,unatecoveringwaschoserfor selection
becausehereis muchprior work [10, 12] thatcanbeleveragedo
male this problemtractable.

Before discussingthe detailsof our unatecovering algorithm,
Algorithm 2, it isimportantto pointoutonedifferencebetweerthis
andstandardinatecoveringformulations.Traditionally, unatecov-



Subgraphs
A B C D E F G H | J

1 1 1
1 1 1

1
2
3
4 1 1
5
6
8

Ops

R
-

plrlr|rrlRk]-

N

A.

Figure 3: A. Exampleunatecovering problemusedto mapsubgraphdrom the basicblockin Figurel. B. The mappingsolutionwith full-enumeratiorand
greedyselection.C. Mappingsolutionwith full-enumeratiorandunatecovering selection.

eringallows anoperatiorto appeain multiple subgraphsn the -
nal code.However, we have madethedecisionto disallow this pos-
sibility?. Allowing anoperatiorto appeain multiple subgraphgs-
sentiallyreplicategshecomputatiorandwill unnecessarilincrease
power consumptionThe downsideis thatdisallaving overlapping
subgraphganhurt applicationperformancen multi-issueproces-
sors, and actually malkes the covering searchspacemuch larger
Performancdoss can occur becausehe rst operationin a sub-
graphhasto wait for all subgraphinputsto be readybeforebeing
executed.Thecoveringsearctspacebecomesarger, becausenary
techniguego prunethe spacesuchasrow andcolumndominance,
no longerwork if overlapis not allowed. Despitethe changese-
sultingin alarge searchspacethe runtimesof our unatecovering
formulationarequitereasonabléor practicalinputs,andtheresult-
ing codewill be moresuitablefor embeddedystems.

Unate Covering Algorithm: The algorithm usedto perform
unatecovering basedselectionis shavn in Algorithm 2. As pre-
viously mentioned,input to the algorithmis a m by n Boolean
matrix, whererows correspondo operationsand columnsto sub-
graphs.The outputof this algorithm(line 2) is a vector x, where
xs = 1 meansthat subgraplb is in the optimal cover. The con-
straintM x = (1;1;1; ;1) ensureghateachoperationis cov-
eredby exactly onesubgraph Note thatthe standardunatecover
ing constraintwhich allows overlap,isM x  (1;1;1;:::; 1)T . To
ensurethat a solutionis feasible,eachindividual nodeis inserted
into M asa subgraphwhich coversonly oneoperation.OnceM
is constructedthe columnsare sortedin decreasingrder anda
standardranch-and-boundlgorithm,Cover(), is called.

InsidethefunctionCover(), onesubgraphs consideredor ad-
dition to the currentcover, x. Line 7 in Algorithm 2 teststo see
if thereis ary overlapbetweerthe currentcover andthe candidate
subgraph.The M x matrix multiplication createsa columnvector
of thecurrentsetof opsthatarecovered,andM jsung raph is theset
of opscoveredby subgraph. Assumingthereis no overlap,line
9 addssubgr aph to the currentcover, andthenthe cover is tested
to seeif all opsarecovered(line 10). If acompletesolutionexists,
the total numberof subgraphss calculatedandif it is the fewest
yet seenthenthis cover is recordedasbeingthe best. Note thatif

2Technicallythis restrictionturnstheunatecoveringinto abinatecovering,
which is fundamentallymore dif cult thanunatecovering. However, this
formulationhastwo characteristicsnissingfrom generalizedinatecover
ing, which malesthis formulationeasierto solve: a solutionis guaranteed
to exist, andaddingsubgraphso the cover will never make the solutionin-
feasible.Thegeneraformulationallowing operationgo appeain multiple
subgraphss atrue unatecover.

thereweremultiple acceleratorsn the tamgetedprocessaqrthe no-
tion of what constituteghe “best” solution (line 11), could easily
beexpandedo includecolumnweightshasednwhich accelerator
asubgraplused.

If theCover() functiondoesnot have a completesolution,then
two checksareperformedto prunethe searchspacebeforerecurs-
ing down the searchtree (lines 15 - 18). The rst check,lines 15
and16, simply boundshesearchreewhenit runsoutof subgraphs
to examine: essentiallywhenit hits leavesof thetree. The second
checkboundswhenthe currentsolution cannotpossiblybe better
thanthe bestknown solution,by computingagower boundon the
partial cover, x. The rst portion of line 17, i”zl Xi, calculates
hov mary subgraphsarein the currentcover. The secondpor
tion of the equationcalculateghe numberof opsthatstill needto
be coveredanddivides by the numberof opscoveredby the cur
rent subgraph. Sincethe subgraphsare sortedby size, and they
arealwaysaddedn orderof decreasingize,the seconcbortionof
the equationgivesa lower boundon the numberof additionalsub-
graphsthatmustbe addedto completea cover. The checkin line
17is theprimary catalystthatmakesthis unatecovering algorithm
practicalfor subgraplselection.

Impr ovementOver Previous Work: As with theisomorphism
algorithm, thereare several techniqueghat make this unatecov-
ering algorithm fasterthan previous solutions. The rst of these
is sortingthe subgraphsn order of decreasingize (line 3 of Al-
gorithm 2). While this doesnot directly prunethe searchtree, it
doesenableotherpruningtechniquessuchasthecheckin line 17.
Anothertechniqueis to always branchtoward addinga subgraph

rst (lines4 and19). Sincethe subgraphsaresortedby size,and

the subgraphsre consideredn consecutie order alwaysadding
ensureghe rst completecover will be exactly the sameas the
greedysolution. The greedysolutionprovidesan excellentbound
to quickly prunebad portionsof the searchtree. Additionally, by
reachingthe greedysolution rst, if the algorithmrunsfor anun-
usually long time, it can always be stoppedat without fear of a
solutionworsethangreedy

Unate Covering Example: Figure3A shavs anexampleof the
booleanmatrix, M , usedin Algorithm 2. This matrix shavs ses-
eral subgraphghat were enumeratedrom the basicblock from
g72lencodeshowvn in Figure 1B (mary subgraphavere omitted
for spaceandclarity reasons)The subgraphgorrespondo anac-
celeratoiwhich has4 inputs, 2 outputs,andcansupportary com-
putationwith adependencehainof 4 or less,alsopicturedin Fig-
ure 1. Notice how the subgraphsresortedfrom largestat the left
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(covering 9 operations)to the smallestat theright (eachoperation
nodeasasubgraph).

Algorithm 2 begins the Cover() function by addingsubgraph
A, thelargestsubgraphto its currentcover, x. It will thenrecurse,
andattemptto addB to x. The checkatline 7 of Algorithm 2 will
prevent this sincethe two subgraphsverlap, and this branchof
the searchspacewill bepruned.Eventually by moving acrosshe
matrix in Figure3, subgraph®, thenG, andthenH will beadded
to A to createa completecover, shavn in Figure 3B. This is the
full-enumeratiorn/ greedy-selectiosolution. Assuminga single-
issueprocessqrandtheacceleratoandeachoperationin FigurelB
takes one cycle to execute,this solutionwill yield a speedupof
s = 2:83for thisblock. The rst 3in thedenominatoaccounts
for the right-shift, branch,andmultiply thatwerenot accelerated,
andthe second3 is for eachof the 3 subgraphshatwill berunon
theaccelerator

After theunatecoveringalgorithm nds thegreedy-selectioso-
lution, it will continueto explore the searchtree and eventually
discoverthecaover B, D, E, shawvn in Figure3C. This solutionuses
fewer subgraphsandwill berecordedasthe bestsolutionon line
13 of Algorithm 2. The speedugor this solutionis % = 34.
This comparesquite favorably with the speedupobtainedusing
the greedyenumeration immediateselectiondescribedin Sec-
tion 3.1, whichis only % = 2:43. Clearly, full-enumerationwith
unate-cegering basedselectioncanprovide bene tsbeyondgreedy
heuristics.

3.2.4 AlgorithmRuntimes

Thereareclearly performancébene ts over the standardgreedy
algorithmsif acceleratorganbe targetedusingthe NP-Complete

formulationsthatwe have proposedThe majorconcernis whether
the proposedalgorithmsaretractable. Figure 4 demonstratethat
they are.

Eachpointin thesegraphsrepresentshe algorithmruntimeof a
basicblock from 1 of 23 MediaBenchand MiBench applications.
The datawascollectedon a 3.06 GHz Pentium4 machinewith 1
GB of RAM. Applicationswere compiledto targetan accelerator
with 4 inputs, 2 outputs,anda maximumdependencéeightof 4
(similar to the acceleratoproposedn [8]). Eachalgorithmwas
given a maximumtime limit of 600 second9er block, at which
point the algorithmwas terminatedand reportedthe bestsolution
seeruptothatpoint. Notethatonly onebasicblock outof 23 appli-
cationsreachedhetime limit for ary of the proposedalgorithms;
thatwasduringsubgraplenumeration.

To summarizethe resultsfor subgraphenumerationmorethan
99.8% of basicblockswerefully enumeratedn lessthanl sec-
ond,andmorethan99.95%of the blockswereenumeratedvithin
10 seconds.As mentionedpreviously, the worst caseblock timed
outat 600 secondsThis could be preventedby moreaggressiely
partitioningthe block into smallercomponents Overall, the enu-
merationalgorithmruntimeappearedo grow only linearly with the
sizeof the basicblock, which malesthis algorithmquite scalable.

Runtimedor thesubgraplisomorphismalgorithmwerealsovery
reasonableMore than99.7%of blockshadsubgraptisomorphism
checled for all their enumeratedubgraphsn lessthan1 second.
The worst caseruntimefor ary of the blockswasonly 2.47 sec-
onds.

As with subgraptenumerationfuntimefor unatecoveringgrew
roughly linearly with the size of its input matrix, andthe runtime
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was very fastin the commoncase. More than 99.1% of blocks
ran unatecovering selectionin lessthan 1 second,while 99.8%
nished in lessthan 10 seconds.The worst caseruntime for ary
block was 60.25secondgthis wasthe sameblock that timed out
duringenumeration).

In termsof total runtimefor all threephasegfull enumeration,
isomorphismbasedpruning, and unatecovering selection),more
than98% of blockstook lessthan1 secondo run. 99.5%of basic
blockstook lessthan 10 secondgotal. The worst caseblock out
of the 23 applicationgook 11.03minutes.If the worst caseblock
proved too slow, the algorithmswere designedso that the time-
out could be reducedandstill guaranteea solutionno worsethan
greedy

In the benchmark&xamined,the majority of basicblockswere
so small that the proposedalgorithmicimprovementsmadevery
little differencein the block's compilationtime. However, theim-
provementswere key in making runtimesfor degenerateblocks
tractable. Overall, the averagebenchmarkcompilationtime was
43.8minuteswithouttheproposedlgorithmicimprovements This

gure includes3 benchmarkghat were stoppedafter not nish-
ing in 6 hours. With the algorithmicimprovementsproposedn
this work, averagecompilationtime was more than an orderof-
magnitudebetterat3.6 minutesperbenchmark15.9minutesworst
case).

Theseresultsshaw thatif you arecompilingto targetanagyclic
acceleratostatically runtimeis noreasorto useagreedyheuristic.

4. EXPERIMENTS

In orderto evaluatethe proposednappingalgorithm,an experi-
mentalframeavork wasbuilt usingthe Trimaranresearcttompiler
andSimpleScalaARM simulator Trimaranwasretagetedfor the
ARM instructionsetand subgraphgo be acceleratedvere delin-
eatedin the binary After compilation, the simulatorrecognized
the subgraph&ndmodeledthemasif anacceleratomwaspresent.
SimpleScalamwas con gured to represenan ARM-926EJ[2], a
popularembeddedcore, with acceleratorghat took one cycle to
execute.

Twentythreebenchmark$érom MediaBencrandMiBenchwere
usedto evaluatetheproposednappingalgorithms.Omittedbench-
markswere dueto issuesin the compilerinfrastructure not limi-
tationsof the subgraptmappingalgorithm. We testedthreediffer-

entalgorithms: greedyenumerationr immediateselection(asde-
scribedin Section3.1),full enumeration unatecoveringselection,
or FEU (describedn 3.2),anda hybrid techniquédull enumeration
- greedyselectionpor FEG.

Algorithm Comparison: Figure5 shaws the speedupsittained
whenusingthe threeproposedalgorithmsto tamgetthe 4 input/ 2
outputacceleratoshavn in Figure 1A. The gure illustratesthat
the FEU algorithm consistentlyoutperformsgreedyon nearly ev-
ery benchmark.On average,10% more speedupvas achiezed by
usingthe FEU algorithminsteadof greedyheuristics.Shashaved
the largestdifferencebetweengreedyand FEU, a 32% improve-
ment. The primary reasorfor this is thatfull enumeratioridenti-

ed aconsiderableumberof disconnectedubgraphén thecritical
loop, whichthegreedyalgorithmwasnot capableof nding. Dijk-
stralargeshavedtheleastimprovementwhenmoving from greedy
to FEU mapping.Theimportantsubgraphsn this benchmarlonly
consistof 2 back-to-backnstructions thusthe subgraphsreeasy
to identify regardlesf enumeratioralgorithm. As would be ex-
pected this shavs that computation-bounapplicationswith very
largebasicblocksbene t morefrom the FEU algorithmthanappli-
cationswith smallbasicblocks.

Onesurprisingresultillustratedin Figure 5 is that mostappli-
cationsdid not bene t from unatecovering selection(comparing
FEGwith FEU). On average FEU performedonly 1% betterthan
FEG. The main reasonfor this is that the critical computationin
mostbasicblockswassmallenoughthatvery few subgraphsvere
neededn thecover. If moresubgraphsreusedto coverthe DFG
(for example,whentarmgeting a smalleraccelerator)then greedy
selectionis more likely to get stuckin a local minima and per
form worse. However, whentargetingthe large acceleratofrom
Figure 1A, greedyselectionis sufcient. In two instancesdjpey
andrijndael,unatecovering selectioractuallycausedlight perfor
mancedecreasesThisis dueto second-ordeeffects,suchascache
alignmentthatarenot modeledby the unatecoveringformulation.

Sensitivity to TargetedAccelerator: Figure6 shavs howv much
betterFEU performsrelative to greedywhenvarying the targeted
acceleratorBarsgreatethanoneimply FEU performecbetterthan
greedyandbarslessthanoneimply greedyperformedbetterthan
FEU. Therightmostbarfor eachbenchmarkepresentthe4 input/
2 outputacceleratousedthroughouthis paper The3input/ 1 out-
put acceleratoconsistsof two back-to-back-Us, andis modeled
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Figure 6: Thespeedumf Full-Enumeration/Unat€overing Selectionover Greedywhile varyingthe tamgetedaccelerator

aftertheacceleratousedin [16]. The4 input/ 1 outputaccelerator
hascomputationcapabilitiesbetweenthe others,with 7 FUs and
maximumdependencheightof 3.

Thereareseveralinterestingrendsillustratedby this gure. First
notethat FEU outperformsggreedymuchmoreon the 4/2 con gu-
rationthanon the 4/1 or the 3/1. This is becauseacceleratorsvith
only oneoutputprecludedisconnectedubgraphgrom beingexe-
cuted. If no disconnectedubgraphareallowed, thengreedycan
potentially nd the samesubgraphsisfull enumerationThis de -
nitely helpsnarrav thegapbetweerthetwo algorithms.In general,
largeracceleratorsvith multiple inputsandoutputsplacemoreim-
portanceon high quality subgraprenumeration.

A secondimportanttrendin Figure 6 is that FEU outperforms
greedymorein 3/1thanin 4/1. Thereasorfor thisis thatthe small
numberof FUsin 3/1 (only 2) madethe numberof subgraphse-
lectedin the nal cover relatively high, comparedwith 4/1 which
has7 FUs. Sincemore subgraphsare neededmore emphasids
placedon the covering algorithm,andunatecovering helpedquite
abit. The4/1 acceleratousedrelatively few subgraphsthatwere
all discoverablevia greedyenumerationthereforeFEU provided
little bene t beyond the greedyalgorithm. This shavs that more
thoroughstrateyies,usedin FEU,aremoreimportantwhen&er the
searchspaces verylarge.

A lasttrendto notein Figure6 is thatin certainbenchmarkssuch
asmd5, greedyactuallyperformedbetterthanFEU. This is dueto
the partitioningusedduring full enumerationRecallthatin order
to malke full enumeratiortractable,somevery large blockssome-
timeshave to be partitionedinto smallergraphs.Occasionallythis
partitioningprecludedull enumeratiofirom nding importantsub-
graphswhich canbe discoreredby greedymethods.This problem
is pronouncedn acceleratorsvith only oneoutput,sincefull enu-
merationcannotmale up groundon greedyby usingdisconnected
subgraphs.Figure 6 motivatesfuture work to develop fasterenu-
merationalgorithmsandbetterpartitionergo alleviatethe problem
in md5.

Effect of Register Allocation: Figure 7 depictsthe result of
applyingthe FEU mappingalgorithmbeforeand after registeral-
location. This is an importantresult becausemary researchers
have proposedsubgraphmappingin virtual machinesor asa part
of binary-to-binarytranslation. The dravback of subgraphmap-
ping after register allocationis that spill code essentiallybreaks

data ow edgedy placingvaluesin memory Thislimits thesizeof
computationsubgraphshat canbe identi ed for acceleration.On
the otherhand,registerallocationdoesintroducesomeadditional
computation(e.g.,stackadjustmentsjhat could potentiallybe ac-
celeratedwhichis not availablewhenmappingbeforeallocation.
On average,we found that performingsubgraphmappingprior
to allocationproducedresultswith 8% more speedupthan post-
allocationmapping. In somebenchmarkslike rawcaudio,the in-
nermostloop was so small that there was no spill code, and so
therewas no differencein the results. In otherbenchmarkssuch
as 3des,the amountof spill codewasso large thatvirtually none
of the pre-allocationsubgraphsverediscoserablepost-allocation.
Only onebenchmarkgepic, performedbetterfrom post-allocation
mapping. Figure 7 clearly shawvs that performingsubgraphmap-
ping pre-allocatiorin thecompileris muchmoreeffective thanpost
compilationtechniquessuchasbinarytranslation.

5. CONCLUSION

In this work, we addressethe inef ciencies of traditionalcom-
piler algorithmsusedto identify candidatesubgraphgor execution
on computationacceleratorsSeveral new algorithmswere devel-
opedto nd bettercandidate$or bothsmallandlargeaccelerators.
Thesealgorithmscomprisedenumeratingsubgraphsn a data ow
graph,usingsubgraplisomorphisnto pruneinvalid subgraphsand
usingunatecoveringto selectwhich valid subgraphs$o executeon
the targetedaccelerators Simulationresultsdemonstrateéhat our
proposedilgorithmsachieze, onaveragel0%,andasmuchas32%
morespeedughantraditionalgreedysolutions.

Thiswork alsoquanti ed theeffect of registerallocationon sub-
graphidenti cation. On average,performing subgraphmapping
prior to registerallocationresultsin 8% morespeedupThis result
implies that performingdynamicsubgraphdenti cation in hard-
wareor a virtual machinewould reducethe effectivenessof map-
ping algorithms.
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