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ABSTRACT
Computerarchitectsareconstantlyfacedwith theneedto improve
performanceandincreasetheef�ciency of computationin theirde-
signs. To this end,it is increasinglycommonto seeacyclic com-
putationacceleratorsappearin embeddedprocessordesigns.One
majorproblemwith addingacceleratorsto a designis thatit is dif-
�cult to generatehigh-qualitycodeutilizing them. Hand-written
assemblycodeis typical, andif compilersupportdoesexist, it is
implementedusingonly greedyalgorithms.In thiswork, weinves-
tigatemorethoroughtechniquesfor compiling to processorswith
acyclic accelerators.Whereasgreedysolutionsonly explore one
possiblesolution,thetechniquespresentedin thispaperexplorethe
entire designspace,when possible. Intelligent pruning methods
areemployed to ensurecompilationis both tractableandscalable.
Overall, our new compilationalgorithmsproducecodethat per-
formson average10%,andup to 32%betterthanstandardgreedy
methods. Thesealgorithmsalso run in lessthan onesecondfor
morethan98%of basicblockstested.

Categoriesand SubjectDescriptors
D.3.4[Processors]: [CodeGenerators];C.3[Special-Purposeand
Application-BasedSystems]: [Real-timeandEmbeddedSystems]

GeneralTerms
Algorithms,Experimentation,Performance

Keywords
Compilation,EmbeddedProcessors

1. INTRODUCTION
Many portabledevicesmustbe capableof performingcompu-

tationally demandingtasks,such as processingimages,signals,
video, or packet streams.However, currentembeddedprocessors
are not capableof meetingthe performancerequirementswithin
their tight power andcostconstraints.Traditionally, application-
speci�c integratedcircuits (ASICs) are utilized to do the heavy
lifting in system-on-chipdesigns,wherecritical portionsof appli-
cationsaremappeddirectly to hardware implementations.These
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ASICsarenonprogrammableacceleratorsthatcanachieveextremely
ef�cient solutionsthroughhardware customization.ASICs often
yield ordersof magnitudewins over programmablesolutionsin
cost,performance,andenergy.

Lackof programmabilityis thecentraldrawbackassociatedwith
ASICs. Theneedto freezea hardwareimplementationis a major
obstacle,asthesoftwareis oftena moving targetdueto changing
standards,bug �x es,andthedesireto incorporatemorefeatures.A
middle-groundsolutionis to employ smaller, but compilablehard-
wareaccelerators,referredto ascomputationaccelerators, within
the context of a programmableprocessor. SuchASIPs (applica-
tion speci�c instructionprocessors)utilize computationaccelera-
tors thataretightly integratedinto a processorpipeline. Thecom-
putationacceleratorsareessentiallysmall ASICs that can atomi-
cally executeportionsof an application's data�ow graph,termed
computationsubgraphs.The processoris augmentedwith a set
of new instructionsor a dynamicmappingmechanismto invoke
thecomputationaccelerators.Computationacceleratorsoffer sev-
eral potentialadvantages,including reducedlatency for subgraph
execution,increasedexecutionbandwidth,improvedutilization of
pipelineresources,andreducedburdenon theregister�le for stor-
ing temporaryvalues.And unlikeASIC solutions,computationac-
celeratorsdo notsacri�ce thepost-programmabilityof thesystem.

Many computationacceleratordesignshave beenproposedby
researchers.The most widely usedin industry is the multiply-
accumulate,or MAC, unit. Many DSPshave specializedhardware
for commoncomputationsin signal and imageprocessing,such
as dot product,sum of absolutedifferences,and compare-select.
A numberof generalizedacceleratordesignshave alsobeenpro-
posed,suchas3-1ALUs [22, 25], closed-loopALUs [27], or ALU
pipelines[5]. Larger acceleratorscan supportbigger subgraphs
andthusenhancetheperformanceadvantages.Examplesthatex-
emplify this approachinclude FPGA-styleaccelerators[14, 23,
26,30], con�gurablecomputeaccelerators[8], andprogrammable
carry function units [31]. An alternative strategy is to synthesize
specializedcomputationacceleratorsfor aparticularapplication[3,
4, 6, 9, 13, 17]. Theseapproachesanalyzeanapplicationto iden-
tify importantcomputationsubgraphsto implementin hardware.
Hardwaresynthesiscreateshighly specializedacceleratorsto exe-
cute the selectedsubgraphs.Several commercialtool chainsuti-
lize thisapproach,includingTensilicaXtensa,ARC Architect,and
ARM OptimoDE.

Compilersupportto exploit computationacceleratorshasbeen
an overlooked challenge,and comprisesthe focus of this paper.
The compiler hastwo major taskswhen targetinga computation
accelerator. First, it mustidentify candidatesubgraphsin thetarget
applicationthatarefunctionallyexecutableontheaccelerator. This
is essentiallya subgraphisomorphismproblem. The secondtask
is to selectwhich candidatesubgraphsto actuallyexecuteon the



computationaccelerator. Candidatesoften overlap,thusthe com-
piler mustselecta subsetto maximizeperformancegain.This task
is essentiallya graphcoveringproblem.

Most prior solutionsemploy a greedycompiler approachfor
both subgraphidenti�cation andselection[5, 16]. With this ap-
proach,aseedoperationis selectedandasubgraphcompatiblewith
the acceleratoris grown by iteratively includingconnectedopera-
tions. As with all greedyapproaches,this approachcan achieve
sub-optimalsolutionsin both identi�cation and selection. Fur-
ther, disjoint subgraphscannotbe identi�ed. However, for small
accelerators,suchas3-1 ALUs, this approachis suf�cient dueto
the simplenatureof compatiblesubgraphs.The greedyapproach
breaksdown for larger acceleratorswherecorrespondinglylarger
subgraphsmustbeidenti�ed. As a result,othershave proposedus-
ing exactmethodsfor subgraphisomorphismandcovering[20, 21,
24]. Thesemethodsgrow exponentiallyin subgraphsize, region
size(theunit of operationsanalyzedby thecompiler),or both. As
aresult,exactmethodscansuffer from excessivecompilationtimes
for moderateto largeapplicationsandhencemaynotbepractically
deployable.

In this paper, we proposean approachfor compiler subgraph
mappingthatcombinesexactmethodswith asetof intelligentprun-
ing techniques.Pruningensurestheproposedalgorithmsarescal-
able in both applicationand acceleratorsize to provide practical
compilationtimes. The approachhasthreedistinct phases.First,
potentialsubgraphsareidenti�ed usingboundedenumeration.Sub-
graphisomorphismis thenusedto remove candidatesthatarenot
compatiblewith thecomputationacceleration.Finally, unatecov-
eringis usedto selectsubgraphsthatwill beexecutedontheaccel-
erator.

This papermakesthefollowing threecontributions:

� It collectsanddescribesstateof theart algorithmsfor accel-
eratorcompilation.

� It presentsnew algorithmsfor identifying andmappingsub-
graphsoptimallywith intelligentpruningmechanisms.

� It evaluatesthesenew algorithmsin termsof both perfor-
manceandcompilationtime acrossa variety of accelerator
designs,andcomparestheresultsto a traditionalgreedyap-
proach.

2. PROBLEM STATEMENT AND RELATED
WORK

Compilinganapplicationto make useof computationaccelera-
torsboils down to two steps:enumerating portionsof theapplica-
tion'sdata�ow graph(DFG)thatcanbeexecutedontheaccelerator,
andselectingwhichportionsto accelerate.

Enumerationconsistsof generatinga set of subgraphsfrom a
givenDFG,anddeterminingif they canrunonanaccelerator. Gen-
eratinga setof subgraphsis dif�cult becausethenumberof possi-
blesubgraphsgrowsexponentiallywith thesizeof theDFG.Deter-
mining if thesubgraphscanrunonanaccelerator, i.e.,determining
if they perform the samecomputation,is essentiallyequivalence
checking,which is NP-complete.The problemis further compli-
catedif theacceleratorsperforma supersetof thedesiredcompu-
tation (e.g., an acceleratorfor dot-productscould also accelerate
multiply-accumulatesin anapplication).

Selectingwhich subgraphsto accelerateis alsodif�cult. Typi-
cally, theselectionproblemis formulatedto pushasmuchcompu-
tationaspossibleonto theaccelerators,while minimizing overlap
betweensubgraphs.That is, givena setof enumeratedsubgraphs,

�nd thegroupthatcoversthelargestportionof theDFGwhile min-
imizing thenumberof nodesappearingin multiplesubgraphs.This
problemis alsoNP-completeandis quitesimilar to thewell known
technologymappingproblemin VLSI design. Clearly, mapping
applicationsto subgraphsis a challengingcompilationproblem.

To sidesteptheproblem,thevastmajority of previouswork re-
lies on handcodingor greedyheuristics.Work on automatedac-
celeratordesigntypically doesnot discussstrategies for utilizing
theacceleratorswith compilers.Work by Hu [16] is typical of the
greedysolutions:a seednodeis selectedin theDFG andis grown
along data�ow edges. The compiler then replacesthat subgraph
andrepeatsthe process.Here,enumerationconsistsof �nding a
seedandgrowing it, while selectionis implicit (any subgraphenu-
meratedis automaticallyselected).Otherprevious work [27] per-
formsmorethoroughenumeration,but still usesgreedyselection.

More thorough,traditional codegenerationmethodsfor tack-
ling subgraphmappingusea treecovering approach[1]. In this
approach,all computationsubgraphspotentiallysupportedby the
acceleratormustbe constructeda priori. During compilation,the
DFG is split into several trees. The treesarethencoveredby the
computationsubgraphsusinganalgorithmthatminimizesthenum-
ber of computationsubgraphsused.The purposebehindsplitting
the DFG into trees�rst is that therearelinear time algorithmsto
optimallycover trees,makingtheprocessveryquick.

Themajorproblemwith this methodis thatmany DFGsandac-
celeratorsarenot trees.It is shown in [20] thattreecoveringmeth-
odscanyield suboptimalresults,particularlyin thepresenceof ir-
regularcomputationcommonlytargetedby embeddedsystems.To
overcomethis,[20] proposessplittingall instructionsinto “register-
transfer”primitivesandrecombiningthe primitivesin an optimal
mannerusing integer programming.Work by Liao [21] attacked
thesameproblemanddevelopedanoptimalsolutionfor DFGcov-
eringby augmentinga binatecoveringformulation.While bothof
thesesolutionsareoptimal, they alsohave worst caseexponential
runtimeanddonot reporthow long their algorithmstake.

Anothermajor problemwith previously mentionedapproaches
is that they also requirepermissibleacceleratorsubgraphsto be
enumerateda priori. If an acceleratorsupportsa wide rangeof
computations,suchasanALU pipeline,thiscancauseanexplosion
in runtime.

Researchin [24] describesa differentway to look at theaccel-
eratormappingproblem. In this work, an applicationis initially
decomposedinto analgebraicpolynomialexpressionthat is func-
tionally equivalent to the original application. Next, the polyno-
mial is manipulatedsymbolicallyin anattemptto useaccelerators
asbestaspossible.For example,a polynomialcouldbeexpanded
usingfunction identities(e.g.,adding0 to a value)to better�t an
accelerator. This enablesthealgorithmto utilize subgraphswhere
theacceleratorperformsa supersetof thedesiredcomputation.As
with previous solutions,though,this techniquealsohasexponen-
tial worst-caseruntime.Additionally, handlingbitwiseoperations,
suchasXOR, is dif�cult usingpolynomials.Rearrangingapplica-
tion to better�t a targetedaccelerator, suchas[24] proposes,is an
interestingareaof futurework, though.

In thiswork,wepresentcompilationtechniquesto exploit acyclic
computationaccelerators.Thesetechniquesproducehigherquality
codethangreedyheuristics,do not requirea priori enumerationof
permissibleacceleratorsubgraphs,andarescalableto largeappli-
cations.

3. ACCELERATOR COMPILA TION
In this section,we presenttwo differentapproachesfor compil-

ing to acyclic accelerators.The�rst approach,greedyenumeration
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Figure1: A. An acyclic acceleratorfrom [8] targetedin examples.B. The�rst stepin agreedymappingalgorithmonabasicblock from g721encode.C. The
secondstepandD. �nal stepin thegreedymappingalgorithm.

- immediateselection, is themostcommonlyusedapproachtoday.
This methodgeneratesa setof subgraphsby greedilyaddingver-
ticesto aseedvertex from theDFG.Oncethesubgraphsaregrown,
they areimmediatelyreplacedin theapplication,thusthenameim-
mediateselection.Thesecondapproach,full enumeration - unate
covering selection, is our contribution. This approachgenerates
all possibledata�ow subgraphssubjectto certainconstraintsof the
targetedaccelerator. Thesetof subgraphsis thenpruneddown us-
ing subgraphisomorphism,and�nally unatecovering selectsthe
subgraphsto executeon theaccelerator.

3.1 GreedyEnumeration ­ Immediate
Selection

Greedyenumeration- immediateselection,or greedyalgorithms
for short,is thestandardmethodusedto targetacyclic accelerators,
e.g.,in [5, 15]. Thegreedyalgorithmconsistsof two phases:seed
selectionandsubgraphgrowth. Using a basicblock asinput, the
greedyalgorithmselectsanoperationasa seedandtriesto expand
thatseedby iteratingover data�ow edges.After growing oneseed
asmuchaspossible,thesubgraphis replaced.Next, anotherseed
is selected,and the samestepswill be repeated.The algorithm
�nishes whennomoreseedsareavailablefor growing.

The�rst stepin thegreedyalgorithm,seedselection,canbeper-
formedin several differentways. For example,operationscloser
to thecritical pathcanbechosenasseedsbeforelesscritical oper-
ations.Alternately, long latency operationscanbeselectedbefore
shorteroperations. In our experiments,changingseedselection
ordermadevery little differencein the resultsof thegreedyalgo-
rithm, becausethe targetedacceleratorwasrelatively large in re-
lation to thesizeof a typical basicblock. Theresultspresentedin
thispaperselectedseedsin topologicalorder, accordingto data�ow
edges.

After choosinga seed,a subgraphconsistingonly of that oper-
ation is formed. The algorithmthenentersits secondphase,sub-
graphgrowth, trying to expandthis subgraph. Neighborsof the
seedoperationare temporarilyaddedto the subgraphone at the
time. If this temporarysubgraphis executableon theaccelerator,
thenthe new nodepermanentlybecomespart of the subgraph.If
the temporarysubgraphis not executable,then the newly added
nodewill beremoved. Whenit is no longerpossibleto addneigh-
borsto thesubgraph,it is immediatelyreplacedin theapplication,
anda new seedis selectedfrom operationsnot alreadyappearing
in a subgraph.

An exampleof thegreedyalgorithmis shown in Figure1. Fig-
ure1B is a DFG from theg721encodebenchmark,usedin exam-
plesthroughoutthepaper. Figure1A shows theacyclic accelerator

targetedin all of theexamples.Thisaccelerator, similar to onepro-
posedin [8], has4 inputs,2 outputs,and15 function units (FUs)
organizedin 4 rows. TheFUs in eachrow cancommunicatewith
FUs in subsequentrows, meaningcomputationswith dependence
heightsof up to 4 aresupported.TheseFUssupportthecomplete
setof addition,subtraction,andbitwiseoperatorson two inputs.

Figure 1B highlights the �rst subgraphenumeratedusing the
greedymethod.Operation1 is chosenasthe �rst seed.The sub-
graphthengreedilyaddsneighboroperations3, 6, and11. After
addingoperation11,13 cannotbeaddedsincethatwould createa
subgraphwith dependenceheight5, which is not supportedby the
accelerator. Operation11's neighbors,10 and8, canbeadded,re-
sultingin the�nal subgraphshown in Figure1B. Theprocessthen
repeatswith operation2 asa seednode. This subgraphis grown
alongdata�ow edgesto includeoperation4 in Figure1C. Growth
stopsat operation7, a multiply, which is not supportedby theac-
celerator. The �nal greedymappingof the DFG is shown in Fig-
ure 1D. Assuminga single issueprocessorwhereeachoperation
andtheacceleratortake onecycle to execute,this mappingwould
yield a speedupof 17

3+4 = 2:43, sincethereare17 original opera-
tions,3 unacceleratedoperations,and4 acceleratedsubgraphs.

3.2 Full Enumeration ­ Unate Covering
Selection

Greedysubgraphmappershave proven reasonablyeffective in
many previousworks. Certaincombinationsof greedyalgorithms
with morethoroughstrategieshave alsoproven effective [27]. In
this section,we describethefull enumeration- unatecoveringse-
lection,or FEU,algorithm,which solvesthemappingproblemus-
ing exact formulations. This effectively avoids local minima that
inherentlycausegreedyalgorithmsto fail. Whentheexact formu-
lationsareintractable,theFEU algorithmintelligently reducesthe
searchspaceto workablelevels.

Thereare threemain phasesto the FEU algorithm: Enumera-
tion, Pruning,and Covering. Enumerationgeneratesa set of all
subgraphswithin a DFG subjectto input/outputconstraintsof the
targetedaccelerator. Pruningtakes the setof subgraphsandper-
formsadditionalchecksbasedon functionalityandinterconnectto
determineif thesubgraphsactuallycanbeexecutedon thetargeted
accelerator. Onceunusablesubgraphsarepruned,unatecovering
is usedto selectthebestsetof subgraphinstancesto mapontothe
accelerator.

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



section,wewill demonstratethatwith carefuldesign,eachof these
problemscanbe madetractablefor mostpracticalcasesin accel-
eratorcompilation.Additionally, we demonstratein Section4 that
usingmorepowerful algorithmsyieldsnoticeableperformanceim-
provementsin codegeneratedoverthestandardgreedyapproaches.

3.2.1 Full Enumeration
The �rst stepof the FEU compilationalgorithm,enumeration,

generatesa setof data�ow subgraphsthat canpotentially be run
ona targetedaccelerator. Theprimaryreasonfor enumeratingsub-
graphsandthenlaterpruningthemis thatit is muchfasterthanper-
forming bothstepsat once.Very fasttechniquesfor �nding high-
quality subgraphsfor accelerationhave beenwidely developedin
thepastfew years,e.g.,[3, 4, 9], andthis strategy allows usto take
advantageof them.

Tractablesubgraphenumerationis clearly a dif�cult problem.
In the mostgeneralsense,eachoperationin a DFG could either
be includedor excludedin a potentialsubgraphinstance,yielding
2N potentialcandidates.Becauseof spacerestrictions,the large
body of previous work, and the relative complexity of proposed
techniques,wewill only describehow to ef�ciently enumeratesub-
graphsat a high level.

Data�ow subgraphenumerationcan be thoughtof asa binary
tree,whereeachlevel of the treerepresentsan operation(op for
short), and eachbranchin the tree representswhetheror not to
includethatop in a subgraph[3]. The leavesof the treerepresent
all possiblesubgraphsfor aDFG.Therearemany keys to makefull
explorationof this treetractable.

The most importanttechniqueis basedon input/outputrestric-
tionsof theaccelerator. Using theDFG from Figure1B asanex-
ample,if a targetedacceleratoronly supported2 inputs,thenany
candidatesubgraphincludingops1, 2, and5 would be infeasible.
Enumerationcanbe boundedfor eachbranchof the tree that in-
cludesall of thoseops. Likewise, boundingfor outputsgreatly
reducesthesearchspace.Caremustbetakento avoid prematurely
boundingthesearchspace,though.For example,a subgraphwith
ops6 and10 would appearto have 2 outputs;however, if op 11 is
included,thensubgraph6, 10,11 only has1 output,perhapsmak-
ing it feasible.

Another importantboundingtechniqueis excluding candidates
with valuesthat leave andthenreenterthe subgraph.Using Fig-
ure1B asanexampleagain,this�lter wouldboundthesearchspace
of any subgraphthatincludedops1 and6 but excludedop 3. Sub-
graph1, 6 couldnot berun on anacceleratorsincetheoutputof 1
is usedto calculateaninput to 6.

Thesetechniquesto boundgrowth of thesearchtreemake sub-
graphenumerationpracticalfor thevastmajority of blockswithin
applications;therearesomeinstanceswhereadditionalstepsare
needed,though. In theseinstances,the DFG is heuristicallypar-
titioned into several sub-blocks,which arethenenumerated.The
implicationof partitioningis thatnocandidatesubgraphscancross
the boundary(i.e., a subgraphcannothave ops in multiple parti-
tions). Edgesareheuristicallyweightedto guidethepartitionerso
that is doesnot unnecessarilycut edgesfor importantsubgraphs.
For example,if the targetedacceleratordid not supportmultipli-
cation, then all the edgesto and from op 7 in Figure 1B would
be givenweight0, sincetheopson eithersideof theedgescould
never be in a feasiblecandidate.Edgesborderingmemoryoper-
ationsarealsogiven weight 0 whenever the acceleratordoesnot
supportmemoryaccesses.All otheredgesaregivenweightsbased
on characteristicssuchas whetheror not they are on the critical
path.Heuristicpartitioningdoesintroducepotentialsuboptimality
into theFEU algorithm;however, previouswork [9] demonstrated

thatthis is aneffectivewayto boundtheenumerationspacewithout
unnecessarilyremoving usefulsubgraphcandidates.

3.2.2 PruningThroughSubgraphIsomorphism
Pruning is the next stepafter enumerationgeneratespotential

subgraphsto executeon theaccelerator. Thepurposeof pruningis
to ensurethat candidatescanactuallybe executedon the acceler-
ator. This takesinto accountfunctionalityandconnectivity issues
that were ignoredduring enumeration.Pruningoccursafter enu-
merationbecausethesechecksareeithernot possibleto perform
on partial candidates,or aretoo heavy weight to useduring con-
structionof theenumerationsearchtree.

Themethodemployed to determinethat subgraphscanexecute
onanacceleratorisbasedonsubgraphisomorphism.Looselystated,
subgraphisomorphismdetermineswhetheror not a subsetof the
nodesin a particulargraphareequivalent to a separategraph. In
thiscase,agraphrepresentingthehardwarestructureisconstructed,
andweattemptto �nd asubsetof hardwareverticesthatcancreate
a computationequivalent to the subgraphcreatedin enumeration.
If we �nd sucha subset,thenthedata�ow subgraphis capableof
beingexecutedon theaccelerator.

Thereareseveral prosandconsto pruningbasedon subgraph
isomorphism.Onebene�t is that,aswith enumeration,agreatdeal
of relatedwork (e.g.,[19, 28]) haslookedat developingheuristics
to ef�ciently solve subgraphisomorphismtheproblem.We lever-
ageandimproveupontheseprior techniquesin thiswork. An addi-
tional bene�t is thatpreviouswork [29] hasshown it is possibleto
automaticallygeneratehardwaresubgraphsfrom a microarchitec-
tural speci�cation. This meansthata compilertargetingaccelera-
torscouldpotentiallyberetargetedby simply feedingit ahardware
descriptionof thetargetedaccelerator(s).

The main weaknessof isomorphism-basedpruning is that it is
not a true equivalencecheck. That is, the algorithmonly checks
that nodesusedto representcomputationform equivalentgraphs,
not that they areequivalentcomputations.For instance,if a DFG
representeda multiplication by 10 asa left-shift by 3 bits, a left-
shift by 1 bit, andanadditionof thosetwo results,thenthis would
not matchan acceleratorwith a multiplier. Additionally, isomor-
phism pruning will reject DFGs that could potentially map onto
acceleratorsby reexpressingthe computationusingdistributivity,
associativity, or other operatorproperties. In order to recognize
thatmultiplegraphsperformthesamecomputation,pruningwould
have to performafull equivalencecheck,typically usingBDDs [7]
or their relatives(ADDs, BMDs, etc.). This is far morecomputa-
tionally demandingthanisomorphismfor acceleratorsof practical
size,althoughaninterestingavenuefor futurework.

The implicationsof this drawbackaretwofold. First, the com-
piler is at the mercy of the softwarewriter to a certainextent. If
the algorithmis describedin softwaredifferently thanit is repre-
sentedin thehardwaregraph,thenthecompilerwill be unableto
accelerateit. Second,acceleratorhardwarestructuresthat do not
mapdirectly to asinglenodein theDFGaredif�cult to utilize. For
example,alookup-tableis capableof executingany numberof con-
secutivebitwiseoperationsfrom adata�ow graph.Becauseof this,
thereis noequivalent(�nite) hardwaregraphthatcanrepresentthis
computationalstructure.

This drawbackaffectsboth full-enumeration-basedandgreedy-
basedcompilationalgorithms,andleavesroom for improvement.
However equivalence-basedalgorithmshave proven intractableto
this point.

SubgraphIsomorphism Algorithm: Thealgorithmusedto de-
termineisomorphism,Algorithm 1, is basedon the backtracking
searchstrategydescribedin [19], whichwasitself adaptedfrom[28].



1 Input: S0 = (V 0; E 0) ; T = (W; F )
2 foreachv0

i 2 V 0 do
3 foreachw j 2 W do
4 if v0

i is equivalentto w j then
5 if dependenceheight(v0

i ) � dependenceheight(w j ) then
6 M i = M i + w j

end
end

end
end

7 Call Assig nV er tex (M ; x; 1) ;

ProcedureAssig nV er tex (M ; x; ver tex )
8 if ver tex > jS0j then
9 if Subgraphoutputsmapthen

10 returnISOMORPHIC;
end

11 else
12 returnNOT ISOMORPHIC;

end
end

13 foreachm i 2 M v er tex do
14 edges match = tr ue;
15 for j = 1::v er tex do
16 if ev 0

j ;v 0
v er tex

2 E 0 andex ( v 0
j ) ;m i

=2 F then

17 edges match = f alse ;

end
end

18 if edges match then
19 setx (v0

v er tex ) = m i ;
20 M 0 = M ;
21 assig nment wor ks = tr ue;
22 for j = ver tex + 1:: jV 0j do
23 M 0

j = M 0
j � m i ;

24 foreachm k 2 M 0
j do

25 if ev 0
v er tex ;v 0

j
2 E 0 andex ( v 0

v er tex ) ;m k
=2 F then

26 M 0
j = M 0

j � m k ;

end
27 else
28 if ev 0

v er tex ;v 0
j

2 E 0 andk < i then

29 M 0
j = M 0

j � m k ;

end
end

end
30 if jM 0

j j == 0 then
31 assig nment wor ks = f alse ;

end
end

32 if assig nment wor ks then
33 result= call Assig nV er tex (M 0; x; ver tex + 1) ;
34 if result== ISOMORPHICthen
35 returnISOMORPHIC;

end
end

end
end

36 returnNOT ISOMORPHIC;

Algorithm 1: Subgraphisomorphismalgorithm

The basic idea is to recursively assignone vertex from S0, the
data�ow subgraph,to a correspondingvertex in T , the hardware
graph,andcheckto ensurethat the correspondingedgesexist in
bothgraphswhenever a new nodeis assigned.In orderfor this al-
gorithmto becomputationallyfeasible,anumberof stepsaretaken
to prunethesearchspace.

Algorithm 1 takes the two graphsS0 = (V 0; E 0) and T =
(W; F ) asinput. In this formulation,V 0 representsoperationsin
thesubgraph,E 0 data�ow edgesin thesubgraph,W FUsin theac-
celerator, andF wiresconnectingthoseFUs. Initially, a groupof
sets,M , arecalculatedsuchthatM i containsall verticesin W that
areof thesamecomputationtypeasvi . Essentially, thisstepcreates
a setof candidatenodesin T thateachnodein S0 canbemapped

to. For example,if v1 wasan ADD node,M 1 would containall
hardwarenodeswith additioncapabilitiesin W . This processcor-
respondsto lines2 - 6 of Algorithm 1. This informationis passed
to theprocedureAssig nV ertex, alongwith themappingfunction,
x() , andthevertex numberto bemapped.

TheAssig nV ertex() procedureiteratesover thesetof possible
nodes(line 13 in Algorithm 1) testingthat every edgein E 0 has
a correspondingedgein F for the nodesthat have alreadybeen
mapped(lines 15 - 17). Assumingthat the edgesmatch,x() is
updatedandthesetsof potentialmatches,M , is updatedto re�ect
thenew information.This pruningof thesearchspaceis critical to
avoidinganexponentialexplosionof runtime.

Two techniquesareusedto remove nodesfrom M aftera node
assignment.The �rst, lines 25 - 26, looks at all verticesin V 0

not yet assignedandchecksto seeif thereis an edgein E 0 con-
nectedto the nodejust assigned,v0

v er tex . If suchan edgeexists,
any nodesin M thatdo not have a correspondingedgein F con-
nectedwith x(v0

v er tex ) canberemovedfrom thesearchspace.The
secondpruningtechnique(lines28 - 29) leveragesthefactthatwe
aredealingwith directedacyclic graphs.WhencreatingS0 andT ,
we imposethe restrictionthat the verticesmust be topologically
sortedwithin thesetsV 0 andW . Thatis to say, 8 verticesi; j such
that i > j; ei;j =2 E . In otherwords,thereareno edgesfrom ver-
ticeswith higherordernumbersto verticeswith lower ordernum-
bers.This restrictionallows usto remove any vertex from M that
hasalowerordernumberthanthecurrentlyassignedordernumber,
sinceno suchbackwardedgecanexist in F . If at any point during
pruning,thesizeof thecandidatesetfalls to zero(line 30), thenit
is nolongernecessaryto examinethispartof thesearchtree.These
simplepruningtechniquesturnanintractableprobleminto onethat
is solved muchfasterthaninstructionschedulingin our compiler
infrastructure.

After pruning the searchspace,Assig nV ertex is recursively
calledto assignthenext vertex usingthereducedsearchspace,M 0.
This is continueduntil all nodesin S0 mapto correspondingnodes
in T thoughthe function x() , or it is proven that no suchmap-
ping exists.Oncea mappingis found,it is still necessaryto ensure
thatthesubgraphoutputsmapontothetargetedaccelerator(line 9).
This is doneusingtheDijkstra'salgorithmto �nd theshortestpath
betweennodesproducingtheoutputsandoutputports.If this �nal
checkpasses,thenthesubgraphcanindeedexecuteon thetargeted
accelerator.

Impr ovementsOver Previous Work: Therearethreemainal-
gorithmicimprovementsover previousproposedsubgraphisomor-
phismalgorithms.First, aspreviously mentioned,vertex numbers
are assignedtopologically to ensurethat if an edgeexists, then
the sourcenumberis lessthanthe destinationnumber. This dra-
matically reducesthe setsof potential candidates,M , shown in
lines28and29of Algorithm 1. Topologicalsortingof verticeshas
beenpreviously proposedfor a differentstyle of isomorphismal-
gorithms[18], but only to generateaninitial solution,not to prune
thesearchspace.

A secondimprovementprunesthe candidatesetsby usingde-
pendenceheight of the candidates(line 5 of Algorithm 1). De-
pendenceheightrefersto themaximumsizedchainof operations
that mustprecedea particularoperationin a graph. For example,
in Figure1B, node10 hasa dependenceheightof 1 since8 must
precedeit, and node11 hasa dependenceheight of 3 sincethe
chain1-3-6mustprecedeit. Whencreatinga setof candidatesfor
node11 in the representative hardwaregraph,we know that skip-
ping any nodeswith dependenceheightlessthan3 will not affect
thesolution. This optimizationalsorelieson theacyclic natureof
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Figure 2: A. Subgraphfrom Figure1A to be testedfor subgraphisomor-
phism,B. hardwareacceleratorbeingtargeted

thegraphsthatwe arematching,andhasa dramaticimpacton the
overall algorithmruntime1.

The last optimizationdevelopedrelatesto the order in which
nodesareassigned.Notethatin Assig nV ertex, pruningof M oc-
curswhenedgesdo not matchup in thecurrentassign,x() . Thus,
it is importantto make thesecomparisonsashigh in thesearchtree
aspossible.This is accomplishedby assigningverticesin orderde-
terminedby adepth�rst search(notshown in Algorithm 1). Unlike
theprevioustwo optimizations,this techniqueis applicablefor any
stylegraph,not justdirected-acyclic graphs.Thesethreeoptimiza-
tionscontributeto make subgraphisomorphisma tractableway to
determinewhethera data�ow subgraphcanexecuteon a hardware
accelerator.

SubgraphIsomorphism Example: Algorithm 1 is complicated
andwe will hopefully clarify it throughthe examplein Figure2.
Here,thedata�ow subgraphin Figure2A (fromFigure1B) ischecked
for subgraphisomorphismon the acceleratorgraphin Figure2B.
First,asetof candidatesin Figure2B is constructedfor eachvertex
in Figure2A. This correspondsto M in thealgorithm.Examining
vertex 3, we seethatonly hardwarevertex C canexecutelogic op-
erations,soM 3 = f Cg. Likewise,M 6 = f F; G; H g, sinceany of
thosehardwareverticescouldexecutethesubtraction.Thecandi-
datesetof vertex 11,M 11 = f G; H g demonstratesthedependence
heightpruning;F cannot bein thesolutionspacebecausethereis
only one hardware vertex precedingit. The remainingtwo sets,
M 8 = f Ag andM 10 = f D ; E g, areaswould beexpected.

After thecandidatesetsarecomputed,adepth�rst searchis per-
formed (irrelevant of edgedirections)to determinethe order in
which to assignvertices. In this example, the assignmentorder
will be 3, 6, 11, 10, and8, althoughthis orderingis irrelevant for
correctness.Assig nV ertex() is thencalledfor node3. The al-
gorithmiteratesover thesetof candidates,M 3 , andupdatesM for
neighborvertices. In this case,sincevertex 6 neighborsvertex 3,
M 6 canremove candidatesG andH from its set,sinceneitherof
thoseverticesareneighborsof C. Next, Assig nV ertex() is re-
cursively calledto mapvertex 6. The algorithmmapsvertex 6 to
F , sincethat is the only possibility in M 6 . Lines 15-17of Algo-
rithm 1 checkto make surethatsincethereis anedgefrom vertices
3 to 6, that thereis also an edgefrom C to F . Vertex G is re-
moved from M 11 , sincethereis no edgefrom F to G, andagain
Assig nV ertex() is calledfor vertex 11. Vertex 11 is mappedto
H , and 10 is mappedto E similarly to the previous two nodes.
However, once10 is mappedto E , thenthecandidatesetM 8 be-
comesempty, sincethereis noedgefrom A to E . This boundsthe
recursionof Assig nV ertex() whichthentriesanotherassignment
for vertex 10, D . Using this mapping,vertex 8 canbeassignedto

1Although someof the improvementsover previous isomorphismalgo-
rithms rely on the acyclic natureof the subgraphstargeted,they caneas-
ily be extendedto cyclic graphsby treatingthe backward edgesin cyclic
subgraphsseparatelyfrom forwardedges.

1 Input: booleanmatrixM , whereM i;j = tr ue if op i is in subgraphj
2 Output: A vector x , x i 2 f 0; 1gn , where M x = (1 ; 1; 1; :::; 1) T andP n

i =1 x i is minimized

3 Sortcolumnsof M in orderof decreasingsize
4 Call C over (1 ; tr ue; M ; x ) ;
5 Call C over (1 ; f alse; M ; x ) ;

ProcedureC over (subgr aph; add subgr aph; M ; x )
6 if add subgr aph then
7 if (M x &&( M 1;subg r aph ; M 2;subg r aph ; :::M m;subg r aph )T ) 6=

(0 ; 0; 0::: 0) T then
// Subgraphoverlapswith thepartialsolution.

8 return;
end

9 x subg r aph = 1;
10 if M x == (1 ; 1; 1; ::: 1) T then
11 if

P n
i =1 x i < f ewest subgr aphs then

12 f ewest subgr aphs =
P n

i =1 x i ;
13 best solution = x ;

end
// Foundacompletecover.

14 return;
end

end
15 if subgr aph + 1 > n then

// Did not �nd acompletecoverafterexaminingall subgraphs.
16 return;

end
17 if

P n
i =1 x i +

m �
P n

i =1 ( M x ) iP m
i =1 M i;subg r aph

� f ewest subgr aphs then

// Thecurrentsolutioncannotpossiblybethebest.
18 return;

end
19 Call C over (subgr aph + 1; tr ue; M ; x ) ;
20 Call C over (subgr aph + 1; f alse; M ; x ) ;

Algorithm 2: Unatecoveringselectionalgorithm

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

3.2.3 SelectionUsingUnateCovering
Now thatwe have a setof subgraphsthatcanexecuteon theac-

celerator, it is necessaryto selectwhich onesto executeon theac-
celerator. In standardgreedysolutions,this stepis implicit within
enumeration:eachenumeratedsubgraphis automaticallyselected.
However, greedyselectioncan alsobe performedin conjunction
with full enumerationalgorithms,e.g., in [27]. Greedyselection
algorithms,typically mapthelargestsubgraphontotheapplication,
remove all overlappingsubgraphsfrom theconsideration,andthen
repeatthis processuntil no morecandidatesremain.Theproblem
with this techniqueis that it will provide suboptimalresultswhen-
ever thelargestsubgraphis notpartof thebestsolution.

Insteadof a greedyheuristic,we proposesolving the selection
problemby converting it to a unatecovering. Informally speaking,
unatecovering problemsoperateon a Booleanmatrix, M , where
the rows representverticesin a DFG, and the columnsrepresent
subgraphs;if thevalueof M i;j is true,this meansthatoperationi
occursin subgraphj . Traditionally, thegoalof unatecoveringis to
�nd a setof columns(or subgraphs)with minimal cost,suchthat
eachoperationis coveredat leastonce.In thisformulation,thecost
of a subgraphcouldbe a varietyof things,suchasthe numberof
cyclesneededto executeon a particularacceleratoror the power
consumedby a subgraph. As with using subgraph-isomorphism
for thepruningalgorithm,unatecoveringwaschosenfor selection
becausethereis muchprior work [10, 12] thatcanbeleveragedto
make this problemtractable.

Before discussingthe detailsof our unatecovering algorithm,
Algorithm 2, it is importantto pointoutonedifferencebetweenthis
andstandardunatecoveringformulations.Traditionally, unatecov-
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Figure 3: A. Exampleunatecoveringproblemusedto mapsubgraphsfrom thebasicblock in Figure1. B. Themappingsolutionwith full-enumerationand
greedyselection.C. Mappingsolutionwith full-enumerationandunatecoveringselection.

eringallows anoperationto appearin multiple subgraphsin the�-
nalcode.However, wehavemadethedecisionto disallow thispos-
sibility2. Allowing anoperationto appearin multiplesubgraphses-
sentiallyreplicatesthecomputationandwill unnecessarilyincrease
power consumption.Thedownsideis thatdisallowing overlapping
subgraphscanhurt applicationperformancein multi-issueproces-
sors,and actually makes the covering searchspacemuch larger.
Performanceloss can occurbecausethe �rst operationin a sub-
graphhasto wait for all subgraphinputsto be readybeforebeing
executed.Thecoveringsearchspacebecomeslarger, becausemany
techniquesto prunethespace,suchasrow andcolumndominance,
no longerwork if overlapis not allowed. Despitethechangesre-
sulting in a largesearchspace,theruntimesof our unatecovering
formulationarequitereasonablefor practicalinputs,andtheresult-
ing codewill bemoresuitablefor embeddedsystems.

Unate Covering Algorithm: The algorithm usedto perform
unatecovering basedselectionis shown in Algorithm 2. As pre-
viously mentioned,input to the algorithm is a m by n Boolean
matrix, whererows correspondto operationsandcolumnsto sub-
graphs.Theoutputof this algorithm(line 2) is a vector, x, where
x5 = 1 meansthat subgraph5 is in the optimal cover. The con-
straintM x = (1; 1; 1; :::; 1)T ensuresthateachoperationis cov-
eredby exactly onesubgraph.Note that thestandardunatecover-
ing constraint,whichallowsoverlap,is M x � (1; 1; 1; :::; 1)T . To
ensurethat a solutionis feasible,eachindividual nodeis inserted
into M asa subgraphwhich coversonly oneoperation.OnceM
is constructed,the columnsaresortedin decreasingorder, anda
standardbranch-and-boundalgorithm,Cover() , is called.

InsidethefunctionCover() , onesubgraphis consideredfor ad-
dition to the currentcover, x. Line 7 in Algorithm 2 teststo see
if thereis any overlapbetweenthecurrentcover andthecandidate
subgraph.TheM x matrix multiplicationcreatesa columnvector
of thecurrentsetof opsthatarecovered,andM i;subg r aph is theset
of opscoveredby subgr aph. Assumingthereis no overlap, line
9 addssubgr aph to thecurrentcover, andthenthecover is tested
to seeif all opsarecovered(line 10). If a completesolutionexists,
the total numberof subgraphsis calculated,andif it is the fewest
yet seen,thenthis cover is recordedasbeingthebest.Notethat if

2Technically, thisrestrictionturnstheunatecoveringinto abinatecovering,
which is fundamentallymoredif�cult thanunatecovering. However, this
formulationhastwo characteristicsmissingfrom generalizedbinatecover-
ing, which makesthis formulationeasierto solve: a solutionis guaranteed
to exist, andaddingsubgraphsto thecover will never make thesolutionin-
feasible.Thegeneralformulationallowing operationsto appearin multiple
subgraphsis a trueunatecover.

thereweremultiple acceleratorsin the targetedprocessor, the no-
tion of what constitutesthe “best” solution(line 11), couldeasily
beexpandedto includecolumnweightsbasedonwhichaccelerator
a subgraphused.

If theCover() functiondoesnot have a completesolution,then
two checksareperformedto prunethesearchspacebeforerecurs-
ing down thesearchtree(lines15 - 18). The �rst check,lines15
and16,simplyboundsthesearchtreewhenit runsoutof subgraphs
to examine:essentiallywhenit hits leavesof thetree.Thesecond
checkboundswhenthe currentsolutioncannotpossiblybebetter
thanthebestknown solution,by computinga lower boundon the
partial cover, x. The �rst portion of line 17,

P n
i =1 x i , calculates

how many subgraphsare in the currentcover. The secondpor-
tion of theequationcalculatesthenumberof opsthatstill needto
be coveredanddividesby the numberof opscoveredby the cur-
rent subgraph. Sincethe subgraphsare sortedby size, and they
arealwaysaddedin orderof decreasingsize,thesecondportionof
theequationgivesa lower boundon thenumberof additionalsub-
graphsthatmustbeaddedto completea cover. Thecheckin line
17 is theprimarycatalystthatmakesthis unatecoveringalgorithm
practicalfor subgraphselection.

Impr ovementOver Previous Work: As with theisomorphism
algorithm, thereareseveral techniquesthat make this unatecov-
ering algorithm fasterthanprevious solutions. The �rst of these
is sortingthe subgraphsin orderof decreasingsize(line 3 of Al-
gorithm 2). While this doesnot directly prunethe searchtree, it
doesenableotherpruningtechniques,suchasthecheckin line 17.
Another techniqueis to alwaysbranchtoward addinga subgraph
�rst (lines4 and19). Sincethesubgraphsaresortedby size,and
the subgraphsareconsideredin consecutive order, alwaysadding
ensuresthe �rst completecover will be exactly the sameas the
greedysolution. Thegreedysolutionprovidesanexcellentbound
to quickly prunebadportionsof the searchtree. Additionally, by
reachingthegreedysolution�rst, if thealgorithmrunsfor anun-
usually long time, it can always be stoppedat without fear of a
solutionworsethangreedy.

Unate Covering Example: Figure3A shows anexampleof the
booleanmatrix, M , usedin Algorithm 2. This matrix shows sev-
eral subgraphsthat were enumeratedfrom the basicblock from
g721encode,shown in Figure1B (many subgraphswereomitted
for spaceandclarity reasons).Thesubgraphscorrespondto anac-
celeratorwhich has4 inputs,2 outputs,andcansupportany com-
putationwith a dependencechainof 4 or less,alsopicturedin Fig-
ure1. Noticehow thesubgraphsaresortedfrom largestat theleft
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(covering9 operations),to thesmallestat theright (eachoperation
nodeasa subgraph).

Algorithm 2 begins the Cover() function by addingsubgraph
A, thelargestsubgraph,to its currentcover, x. It will thenrecurse,
andattemptto addB to x. Thecheckat line 7 of Algorithm 2 will
prevent this sincethe two subgraphsoverlap, and this branchof
thesearchspacewill bepruned.Eventually, by moving acrossthe
matrix in Figure3, subgraphsD, thenG, andthenH will beadded
to A to createa completecover, shown in Figure3B. This is the
full-enumeration/ greedy-selectionsolution. Assuminga single-
issueprocessor, andtheacceleratorandeachoperationin Figure1B
takes one cycle to execute,this solution will yield a speedupof

17
3+3 = 2:83 for this block. The�rst 3 in thedenominatoraccounts
for the right-shift, branch,andmultiply thatwerenot accelerated,
andthesecond3 is for eachof the3 subgraphsthatwill berun on
theaccelerator.

After theunatecoveringalgorithm�nds thegreedy-selectionso-
lution, it will continueto explore the searchtree and eventually
discover thecover B, D, E, shown in Figure3C.Thissolutionuses
fewer subgraphs,andwill be recordedasthebestsolutionon line
13 of Algorithm 2. The speedupfor this solution is 17

2+3 = 3:4.
This comparesquite favorably with the speedupobtainedusing
the greedyenumeration- immediateselectiondescribedin Sec-
tion 3.1,which is only 17

7 = 2:43. Clearly, full-enumerationwith
unate-coveringbasedselectioncanprovidebene�tsbeyondgreedy
heuristics.

3.2.4 AlgorithmRuntimes
Thereareclearlyperformancebene�tsover thestandardgreedy

algorithmsif acceleratorscanbe targetedusingthe NP-Complete

formulationsthatwehaveproposed.Themajorconcernis whether
the proposedalgorithmsaretractable.Figure4 demonstratesthat
they are.

Eachpoint in thesegraphsrepresentsthealgorithmruntimeof a
basicblock from 1 of 23 MediaBenchandMiBenchapplications.
Thedatawascollectedon a 3.06GHz Pentium4 machinewith 1
GB of RAM. Applicationswerecompiledto targetan accelerator
with 4 inputs,2 outputs,anda maximumdependenceheightof 4
(similar to the acceleratorproposedin [8]). Eachalgorithmwas
given a maximumtime limit of 600 secondsper block, at which
point the algorithmwasterminatedandreportedthe bestsolution
seenupto thatpoint. Notethatonlyonebasicblock outof 23appli-
cationsreachedthe time limit for any of theproposedalgorithms;
thatwasduringsubgraphenumeration.

To summarizethe resultsfor subgraphenumeration,morethan
99.8%of basicblockswere fully enumeratedin lessthan 1 sec-
ond,andmorethan99.95%of theblockswereenumeratedwithin
10 seconds.As mentionedpreviously, theworst caseblock timed
out at 600seconds.This couldbepreventedby moreaggressively
partitioningthe block into smallercomponents.Overall, the enu-
merationalgorithmruntimeappearedto grow only linearlywith the
sizeof thebasicblock,which makesthisalgorithmquitescalable.

Runtimesfor thesubgraphisomorphismalgorithmwerealsovery
reasonable.Morethan99.7%of blockshadsubgraphisomorphism
checked for all their enumeratedsubgraphsin lessthan1 second.
The worst caseruntimefor any of the blockswasonly 2.47 sec-
onds.

As with subgraphenumeration,runtimefor unatecoveringgrew
roughly linearly with the sizeof its input matrix, andthe runtime
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Figure 5: Comparisonof subgraphmappingalgorithms

was very fast in the commoncase. More than 99.1%of blocks
ran unatecovering selectionin lessthan 1 second,while 99.8%
�nished in lessthan10 seconds.The worst caseruntimefor any
block was60.25seconds(this wasthe sameblock that timed out
duringenumeration).

In termsof total runtimefor all threephases(full enumeration,
isomorphismbasedpruning,andunatecovering selection),more
than98%of blockstook lessthan1 secondto run. 99.5%of basic
blockstook lessthan10 secondstotal. The worst caseblock out
of the23 applicationstook 11.03minutes.If theworstcaseblock
proved too slow, the algorithmswere designedso that the time-
out could be reducedandstill guaranteea solutionno worsethan
greedy.

In thebenchmarksexamined,themajority of basicblockswere
so small that the proposedalgorithmic improvementsmadevery
little differencein theblock's compilationtime. However, the im-
provementswere key in making runtimesfor degenerateblocks
tractable. Overall, the averagebenchmarkcompilationtime was
43.8minuteswithouttheproposedalgorithmicimprovements.This
�gure includes3 benchmarksthat were stoppedafter not �nish-
ing in 6 hours. With the algorithmic improvementsproposedin
this work, averagecompilationtime was more than an order-of-
magnitudebetterat3.6minutesperbenchmark(15.9minutesworst
case).

Theseresultsshow that if you arecompilingto targetanacyclic
acceleratorstatically, runtimeis noreasonto useagreedyheuristic.

4. EXPERIMENTS
In orderto evaluatetheproposedmappingalgorithm,anexperi-

mentalframework wasbuilt usingtheTrimaranresearchcompiler
andSimpleScalarARM simulator. Trimaranwasretargetedfor the
ARM instructionsetandsubgraphsto be acceleratedweredelin-
eatedin the binary. After compilation,the simulatorrecognized
thesubgraphsandmodeledthemasif an acceleratorwaspresent.
SimpleScalarwas con�gured to representan ARM-926EJ[2], a
popularembeddedcore, with acceleratorsthat took onecycle to
execute.

Twentythreebenchmarksfrom MediaBenchandMiBenchwere
usedto evaluatetheproposedmappingalgorithms.Omittedbench-
marksweredueto issuesin the compiler infrastructure,not limi-
tationsof thesubgraphmappingalgorithm.We testedthreediffer-

ent algorithms:greedyenumeration- immediateselection(asde-
scribedin Section3.1),full enumeration- unatecoveringselection,
or FEU(describedin 3.2),andahybrid techniquefull enumeration
- greedyselection,or FEG.

Algorithm Comparison: Figure5 shows thespeedupsattained
whenusingthe threeproposedalgorithmsto target the4 input / 2
outputacceleratorshown in Figure1A. The �gure illustratesthat
the FEU algorithmconsistentlyoutperformsgreedyon nearlyev-
ery benchmark.On average,10%morespeedupwasachieved by
usingtheFEU algorithminsteadof greedyheuristics.Shashowed
the largestdifferencebetweengreedyandFEU, a 32% improve-
ment. The primary reasonfor this is that full enumerationidenti-
�ed aconsiderablenumberof disconnectedsubgraphsin thecritical
loop,which thegreedyalgorithmwasnotcapableof �nding. Dijk-
stra largeshowedtheleastimprovementwhenmoving from greedy
to FEU mapping.Theimportantsubgraphsin thisbenchmarkonly
consistof 2 back-to-backinstructions,thusthesubgraphsareeasy
to identify regardlessof enumerationalgorithm. As would beex-
pected,this shows that computation-boundapplicationswith very
largebasicblocksbene�t morefrom theFEUalgorithmthanappli-
cationswith smallbasicblocks.

Onesurprisingresult illustratedin Figure5 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 subgraphswere
neededin thecover. If moresubgraphsareusedto cover theDFG
(for example,when targeting a smalleraccelerator),then greedy
selectionis more likely to get stuck in a local minima and per-
form worse. However, whentargeting the large acceleratorfrom
Figure1A, greedyselectionis suf�cient. In two instances,djpeg
andrijndael,unatecoveringselectionactuallycausedslightperfor-
mancedecreases.This is dueto second-ordereffects,suchascache
alignment,thatarenotmodeledby theunatecoveringformulation.

Sensitivity to TargetedAccelerator: Figure6 showshow much
betterFEU performsrelative to greedywhenvarying the targeted
accelerator. Barsgreaterthanoneimply FEUperformedbetterthan
greedyandbarslessthanoneimply greedyperformedbetterthan
FEU.Therightmostbarfor eachbenchmarkrepresentsthe4 input/
2 outputacceleratorusedthroughoutthispaper. The3 input/ 1 out-
put acceleratorconsistsof two back-to-backFUs,andis modeled
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Figure 6: Thespeedupof Full-Enumeration/UnateCoveringSelectionover Greedywhile varyingthetargetedaccelerator

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

Thereareseveralinterestingtrendsillustratedby this�gure. First
notethatFEU outperformsgreedymuchmoreon the4/2 con�gu-
rationthanon the4/1 or the3/1. This is becauseacceleratorswith
only oneoutputprecludedisconnectedsubgraphsfrom beingexe-
cuted. If no disconnectedsubgraphsareallowed, thengreedycan
potentially�nd thesamesubgraphsasfull enumeration.This de�-
nitely helpsnarrow thegapbetweenthetwo algorithms.In general,
largeracceleratorswith multiple inputsandoutputsplacemoreim-
portanceon highqualitysubgraphenumeration.

A secondimportanttrend in Figure6 is that FEU outperforms
greedymorein 3/1 thanin 4/1. Thereasonfor this is thatthesmall
numberof FUs in 3/1 (only 2) madethenumberof subgraphsse-
lectedin the �nal cover relatively high, comparedwith 4/1 which
has7 FUs. Sincemoresubgraphsareneeded,moreemphasisis
placedon thecoveringalgorithm,andunatecoveringhelpedquite
a bit. The4/1 acceleratorusedrelatively few subgraphs,thatwere
all discoverablevia greedyenumeration,thereforeFEU provided
little bene�t beyond the greedyalgorithm. This shows that more
thoroughstrategies,usedin FEU,aremoreimportantwhenever the
searchspaceis very large.

A lasttrendtonotein Figure6 is thatin certainbenchmarks,such
asmd5,greedyactuallyperformedbetterthanFEU.This is dueto
thepartitioningusedduring full enumeration.Recallthat in order
to make full enumerationtractable,somevery largeblockssome-
timeshave to bepartitionedinto smallergraphs.Occasionally, this
partitioningprecludesfull enumerationfrom �nding importantsub-
graphswhich canbediscoveredby greedymethods.This problem
is pronouncedin acceleratorswith only oneoutput,sincefull enu-
merationcannotmake up groundon greedyby usingdisconnected
subgraphs.Figure6 motivatesfuture work to develop fasterenu-
merationalgorithmsandbetterpartitionersto alleviatetheproblem
in md5.

Effect of Register Allocation: Figure 7 depictsthe result of
applyingthe FEU mappingalgorithmbeforeandafter registeral-
location. This is an important result becausemany researchers
have proposedsubgraphmappingin virtual machinesor asa part
of binary-to-binarytranslation. The drawback of subgraphmap-
ping after register allocation is that spill codeessentiallybreaks

data�ow edgesby placingvaluesin memory. This limits thesizeof
computationsubgraphsthatcanbe identi�ed for acceleration.On
the otherhand,registerallocationdoesintroducesomeadditional
computation(e.g.,stackadjustments)thatcouldpotentiallybeac-
celerated,which is notavailablewhenmappingbeforeallocation.

On average,we found that performingsubgraphmappingprior
to allocationproducedresultswith 8% more speedupthan post-
allocationmapping. In somebenchmarks,like rawcaudio,the in-
nermostloop was so small that therewas no spill code,and so
therewasno differencein the results. In otherbenchmarks,such
as3des,the amountof spill codewasso large that virtually none
of the pre-allocationsubgraphswerediscoverablepost-allocation.
Only onebenchmark,epic, performedbetterfrom post-allocation
mapping. Figure7 clearly shows that performingsubgraphmap-
pingpre-allocationin thecompileris muchmoreeffectivethanpost
compilationtechniques,suchasbinarytranslation.

5. CONCLUSION
In this work, we addressedtheinef�ciencies of traditionalcom-

piler algorithmsusedto identify candidatesubgraphsfor execution
on computationaccelerators.Several new algorithmsweredevel-
opedto �nd bettercandidatesfor bothsmallandlargeaccelerators.
Thesealgorithmscomprisedenumeratingsubgraphsin a data�ow
graph,usingsubgraphisomorphismtopruneinvalid subgraphs,and
usingunatecoveringto selectwhich valid subgraphsto executeon
the targetedaccelerators.Simulationresultsdemonstratethat our
proposedalgorithmsachieve,onaverage10%,andasmuchas32%
morespeedupthantraditionalgreedysolutions.

Thiswork alsoquanti�ed theeffectof registerallocationonsub-
graphidenti�cation. On average,performingsubgraphmapping
prior to registerallocationresultsin 8% morespeedup.This result
implies that performingdynamicsubgraphidenti�cation in hard-
wareor a virtual machinewould reducetheeffectivenessof map-
ping algorithms.
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