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ABSTRACT

We presenta compilerthat takeshigh level algorithmsdescribed
in MATLAB and generatesan optimizedhardware for an FPGA
with externalmemory. A framework is describedto detectandex-
ploit opportunitiesto pipelineloopsin an optimalway. Effective-
nessof theframework is demonstratedbysynthesizingsomeimage
andsignalprocessingapplications.StartingfromtheMATLABde-
scriptionof theapplications,hardware is synthesizedthat runson
a Xilinx XC4028.Thesynthesizeddesignsare equivalentto manu-
ally optimizeddesignsin performance.

1. INTRODUCTION

FieldProgrammableGateArrays(FPGAs)havebeenrecentlyused
asaneffective platformfor implementingmany image/signalpro-
cessingapplications.Thoughtheconceptof usingFPGAsfor cus-
tom computingevolvedin thelate1980’s, availability of commer-
cial synthesisandplacementtools for FPGAshasmadereconfig-
urablecomputingmorefeasible. Currenttrendsindicatethat FP-
GAs have a fastergrowth of transistordensitythaneven general
processors.The implicationof this is that therewill be sufficient
transistorbudgetfor larger andmorecomplex applicationsto be
implementedon FPGAs. This haspromptedmany researchersto
provideahardwaresynthesispathfrom generalpurposelanguages
suchasC/C++ [9], Java [8] andMatlab� [6]. Our choiceof the
MATLAB languageis guidedby the following facts- (1) MAT-
LAB is extremelypopularwith thesignal/imageprocessingcom-
munityandis easierandmoreintuitiveto usethanC/C++(2) MAT-
LAB hasa rich setof librariesfor signal/imageprocessingfunc-
tionswhichcanbedirectlymappedto efficient libraries,thusmak-
ing MATLAB very conducive to designreuse.(3) Largeamounts
of parallelismcanbeextractedfrom MATLAB programswith lit-
tle or no dependency analysis,asopposedto complex dependency
analysisrequiredby languageslike C/C++. In additionto meeting
time-to-marketpressures,thehardwaresynthesisframeworksmust
meettherequiredperformanceconstraints.Many of thesynthesis
frameworks leverageoff theoptimizationframeworksof thecom-
pilersof the targethigh level language.In particular, theModula
Pipeline[5] compilerfocuseson usingvectorizingcompileranal-
ysis of loops to synthesizeefficient pipelinedimplementationin
hardware.Their framework is basedon theSUIF compilerframe-
work andthey takealgorithmsdescribedin C.Theeffectof various
loopoptimizationsincludingpipelininghavebeenreported.In this
paper, by pipelining we refer to pipelining loopsin the hardware
descriptions,eitherat the high level languageor at the low level
VHDL generated.This is different from pipelining hardwarere-
sourceslikeaddersandmultiplierswhichinvolvesusingthepartic-
ularresourcefor multiplecomputationsin differentstages.Pipelin-
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ing loopsis aboutusingthehardwareresourcesto computemulti-
ple iterationsin differentstages.Themaindifferencebetweenthe
Modulacompilerandour work is thatwhile theModulacompiler
attemptsto pipelineat the level of theC statements,our work fo-
cusesonpipeliningtheVHDL generatedfrom theMATLAB state-
ments.Thisbringstheoptimizationscloserto thehardwaregener-
ated. On onehandthis opensup moreopportunitiesof optimiza-
tionsandon theotherhandonehasto dealwith thecomplexities
of thehardware.

Thecontributionsof thispapercanbesummarizedasfollows� Wepresentaframework for generatingpipelinedhardwareon
FPGAsfrom algorithmsdescribedin MATLAB.� We presenta pipeliningalgorithmthatproducesoptimalde-
signs for typical signal/imageprocessingapplicationsde-
scribedin MATLAB.� Wedemonstratetheeffectivenessof ourmethodologyby syn-
thesizinghardwarefor somesignal/imageprocessingapplica-
tions with thequality of the generatedhardwarecomparable
to manuallydesignedhardware.

Thepaperis organizedasfollows. Section� givesanoverview
of our compilerframework andtargetarchitecture.Section� mo-
tivatestheneedto pipeline. Section� describesour pipeliningal-
gorithm.Section� presentsourexperimentalresultswith thecom-
piler andSection� talksaboutour conclusions.

2. OVERVIEW

The work presentedin this paperis part of a MATLAB compiler
for heterogeneoussystemsconsistingof generalpurposeproces-
sors,embeddedprocessorsand FPGAs. Our compiler takes the
descriptionof asystemin MATLAB andpartitionsit into software
to be executedon generalpurposeandembeddedprocessorsand
hardware to be mappedto FPGAs. In this paperwe addressthe
issuesinvolvedin generatinganefficient hardwareoncethefront-
endof thecompilerhaspartitionedthe systeminto hardwareand
software. In particularwe focuson thepipeliningframework that
doesdependency analysison the input algorithmandproducesa
pipelineddesignif possible. Figure1 shows an overview of the
framework. First the input MATLAB codeis parsedto construct
anAbstractSyntaxTree(AST). SinceMATLAB variablesdo not
have any notion of type-shape,a compilerphaseinfers the types
of the variablesandthe dimensionsof the matrices.The AST is
thenscalarized,wheretheoperationsonmatricesareexpandedout
into loops.TheAST is thenlevelized,wherecomplex expressions
arebrokendown into simplerexpressionscontainingat mostthree
operands.A dependency analysisphaseinfersthecontrolanddata
dependency presentin theAST. Finallyapipeliningphaseanalyzes
theloopsto checkif pipeliningispossible,determinestheinitiation
rateandproducesa correspondingpipelinedhardwaredescription
in VHDL. The output register transferlevel (RTL) VHDL code
is thenpassedthroughcommercialsynthesisandphysicaldesign
toolsto generateanetlistandbit-streamto configuretheFPGA.
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Figure 1. Overview of the synthesis framework.

Input : Dependencegraphof loopbodyG(V,E).
Output : A pipelinedhardware,if possible.
Algorithm :
M : Numberof memoryreferencesin theloopbody.
I : Initiation Rate.
MM : Next modulomemorynumberto beassigned.
CS: Currentstatenumberto beassigned.
IF reversedependenceedgethenRETURN.	�
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Figure 2. Algorithm to find pipeline schedule of a loop body

2.1. Overview of the Y[Z]\_^D`Ga5Z]\_^9bdc Architecture
Our compileris designedto producecodefor mostcurrentFPGA
architectures.The compiler readsin a descriptionof the FPGA
boardarchitectureandmechanismsto accesstheexternalmemory
which is usedto producetheRTL VHDL for theparticularFPGA
board.Ourcurrentexperimentalresultsareonthe Y[Z]\_^D`Ga5Z]\_^ bdc
FPGAboardfrom AnnapolisMicro Systems.It is aVME compat-
ible boardwith eight efZ]\_Z$gih=��jDk*j FPGAsandone efZ]\_Z$gFh5�ljl�/m
FPGA. In this paperwe focuson our work regardingthe genera-
tion of hardwarefor a singleFPGAwith anexternalmemory. For
that purposewe have usedthe enZo\;Z]gih=��jl�/m FPGA having kCjl�%�
CLBs. The memoryconnectedto the FPGA is �l� bit wide and
contains�W�]p addressablelocations.

3. MOTIVATION FOR PIPELINING

The compiler generatedhardware (without pipelining) involve a
simplehardwaresynthesismechanismwithout any optimizations.
On an average,the compiler generatedhardware are aboutfive
timesslower thanthemanuallyoptimizeddesigns(Table1). One
of the critical optimizationsthat makes the manuallyoptimized
designsperformbetteris pipelining. All the benchmarksinvolve
heavy accessesto memoryas they operateon matricesthat are
mappedto anexternalmemory. This is a typical characteristicof

Table 1. Comparison of execution times for compiler gen-
erated and manually designed hardware. Times are in sec-
onds.

Matrix Sobel FIR Motion Average
Mult. Estimt. Filter

Compiler 29.9 0.49 51.9 6.7 591
Manual 4.6 0.06 16.3 3.2 141

MATLAB programs,andsignal/imageprocessingapplicationsin
particular. In thecompilergeneratedhardwareeachmemoryread
requiresfive states,while a memorywrite requiresthreestates.
However, in manuallydesignedhardware,mostof thememoryac-
cessesarepipelined,effectively taking only onecycle per mem-
ory access.Most of thesememoryaccessesoccurin a loop,while
performingoperationson matrices.Themotivation behindincor-
poratinga pipelining phasein our compiler is to pipeline these
loopscontainingmemoryaccesses,suchthat the performanceof
the outputhardware matchesthe performanceof a manuallyde-
signedhardware.

4. PIPELINING ALGORITHM

Given a pipelinedloop body that is executedfor q iterationsand
has r statesandexecutionof aniterationis startedevery s cycles,
thenumberof clock cyclesrequiredto completetheexecutionof
theloop is givenby rutwvAq�xyk%z|{us . s is known astheinitiation
rateof thepipeline. For mostpracticalloopsin signalandimage
processingapplications,r and s aremuchsmallerthan q . Thus
thetotalnumberof clocksrequiredto executetheloop is }~q>{�s .
Thegoalof thepipeliningphaseis to determineaschedulewith the
smallestpossibles sothatthelooptakesminimumclockcyclesto
complete.

4.1. Dependency Analysis
Givenaseriesof nestedloops,thepipeliningalgorithmrequiresthe
informationwhethertheinnermostloopbodyhasany loopcarried
dependency from apreviousiterationfrom astatementthatappears
afterit in theloopbody. For example,seeFigure3.

Dependenciesof theform shown in Figure3(d)preventtheex-
ecutionof our pipelining algorithm. Fortunately, mostof the in-
nermostloopsareobtainedby scalarizationof theMATLAB code,
whereinmatrixoperationsareexpandedout into loopshaving only
basicarithmeticoperations.Noneof the matrix operationssuch
asaddition,multiplication,accumulationetchave suchdependen-
cies. Thuswhile scalarizing,this informationis simply annotated
to theloops,andnodependency analysisis required.However, for
loopsthatwerenot obtainedby scalarization,theGCD [1] testis
performed,andtheinformationis annotatedto theloop.

4.2. Memory Constrained Initiation Rate
Apart from precedenceconstraints,the pipelinedschedulemust
alsosatisfyresourceconstraints.If theloopbodyis pipelinedwith



for  i  = 1 : 10
   a[ i ]  =  b[ i ] + c[ i ];
end ;

( a )

for i = 1 : 10
  b[ i ] =  a[ i ]  + 3 ;
  a[ i + 1 ]  = c [ i ] + 2;
end ;

for i = 1 : 10
a[ i + 1 ] = c[ i] + 2 ;
b[ i ] = a[ i ] + 3 ;

end ;

( b )

for i = 1 : 10
s =  s  +  a[i] ;

end ;

( c ) ( d )

Figure 3. Examples of dependencies. The pipelining algorithm is applicable to cases (a),(b) and (c). However when dependen-
cies of the (d) kind are present, the pipelining algorithm cannot be applied. (a) No loop carried dependencies. (b) Loop carried
dependency, but with a statement that appears before in the loop body. (c) Loop carried dependency with the same statement
in the loop body. (d) Loop carried dependency with a statement that appears after in the loop body.

aninitiation rateof s clocks,thenthestatesthatare s clocksapart
areexecutedsimultaneouslyin thesteadystateof thepipelineand
hencemusthaveenoughresourcesto executeconcurrently. For ex-
ample,if theinitiation rateis � , thenthestatesk(���1�<�W�C��� of theloop
bodyexecutetogetherandsodoesthestates�9�"�W�"mD�C��� . Thegeneral
pipeliningproblemof finding theminimuminitiation rategivena
setof resourcesandasetof dependencerelationsof theinputcode
is NP-complete[3]. Typical algorithmsemploy someheuristics
that try to minimize the initiation interval iteratively. We present
an algorithm that takes into accountparticularcharacteristicsof
theimage/signalprocessingapplicationsandthetargetarchitecture
underconsiderationandproducesoptimumscheduleswithout iter-
ative searches.The critical assumptionsthat make the algorithm
possibleare

1. Thearraysin theprogramaremappedontoanexternalmem-
ory. This assumptionis valid astypical arraysthatappearin
signal and imageprocessingdomainare too large to fit on
currentFPGAs(evenlargeones)andhave to bestoredon an
externalmemory.

2. Theloopshave referencesto thesearraysandlimited amount
of computations.This is againa valid assumptionastypical
signalandimageprocessingapplicationsdorelatively simple
computationsinsidetheloops.

3. The FPGA can accessonly one externalmemoryat a time
througha singleexternalmemoryport. Most of the FPGA
boardarchitecturestodayfall underthis category. In thecase
wheremultiple memoryportsareavailable,theproblemcan
behandledasaparallelizationproblemwith distributedmem-
ory for whichconsiderableliteratureis available.

4. Therearenoloopcarriedreversedependency edgesin thede-
pendency graphof the loop body, i.e, a statementof the loop
body doesnot have any loop carrieddependenceto a state-
ment that appearsafter it. This conditionholds for mostof
the imageandsignalprocessingbenchmarkswe have come
across.Moreover, pipelining is a performanceoptimization.
In the rareevent wherethe loop body doescontainreverse
dependenceedges,we cannotpipelineby the algorithmde-
scribedhereandwe shall looseperformance.But theoutput
hardwarewill bealwaysfunctionallycorrect.

The implicationof theseassumptionsis that the initiation rate
of thepipelinescheduleis dominatedby memoryreferences.Since
therecanbeonly onememoryreferencein a state,if a loop body
has � memory references,then the smallestpossibleinitiation
rateis � . This is the smallestpossibleinitiation raterequiredso
thatnoneof the � memoryreferenceshappenconcurrentlyin the
steadystateof the pipeline. Given the assumptionsstatedabove
aresatisfied,we candevise a simplealgorithmto find a pipeline
schedulewhich hasinitiation rateequalto thenumberof memory
references,andhenceis optimum.By optimumwereferto thefact
thatthepipelineschedulehasthebestinitiation ratepossible.The
algorithmin Figure2 is a variantof the ASAP schedulingalgo-
rithm [2].

Statementsthat are not memoryreferencesare scheduledas
soonaspossible.Statementsthatarememoryreferencesareplaced

as soonas possible,provided they do not conflict with any al-
readyplacedmemoryreferencingstatement.This is doneby as-
signingthe statescorrespondingto memoryreferencestatements
suchthat their statenumbersmodulothe initiation ratearein in-
creasingorder and hencedifferent. The algorithm in Figure 2
canbeefficiently implementedby consideringtheverticesin topo-
logically sortedorder. Traditionalpipelining techniquesconsider
arbitrarydependencegraphsand limited resources.Sucha sce-
nario is gearedtowardshandlingarbitrary constructs(like those
presentin Ccode)onaVLIW machinewith predeterminednumber
of resources(like addersandmultipliers). As mentionedearlier,
pipeliningin sucha scenariois NP-completeandtypically heuris-
tics areapplied.In imageandsignalprocessingapplicationswrit-
tenin MATLAB, sucharbitrarydependenciesdonotexist. Further-
more,FPGAsgivetheflexibility to decidetheresourcesatcompile
time. Thisleadsto greatsimplificationsandwecandeviseasimple
optimumalgorithmin thatcase.

4.3. Other Issues
4.3.1. Overlappinglive variables
The pipeliningalgorithmoverlapsdifferentiterations,causing

an overlapof potentially live variables. To solve this we usethe
modulovariableexpansiontechniqueproposedin [4].

4.3.2. Conditionalstatements

Traditionally conditionalstatementsevaluatea condition and
jump to a statedependingon theoutcomeof thecondition. How-
ever, in a pipelinedloop suchjumpsto statementscannotbe per-
mitted as the next stateassignmentis governedby the pipeline.
Henceto pipelineloop bodieshaving conditionalstatements,the
conditionalstatementsare converted into a seriesof statements
with predicates.This transformsthe control dependenceto data
dependence,andthestatementscanbescheduledby thepipelining
algorithmdescribedin Section4.2.Thishowever posestherestric-
tion thattheconditionvariablecannotbemodifiedinsidethebody
of the conditionalstatement.This is true in mostcases,and the
compilerchecksthisconditionbeforepipelining.

4.3.3. Turn arounddelayin Y[Z]\_^D`Ga5Z]\_^ b=c Architecture

Onthe YwZo\;^D`Ga5Z]\_^ bdc FPGAboard,theremustbeadelayof at
leastonecyclebetweenreadsandwritesto thememory. To handle
thisconstraint,first apipelinescheduleis producedby applyingthe
algorithmof Section4.2.Thendummydatadependenciesarein-
troducedbetweensuccessively scheduledmemoryaccessesto keep
their orderingintact. Thendummymemoryaccessstatementsare
introducedwhereverareadis followedbyawrite,or viceversa.Fi-
nally, thepipeliningalgorithmis appliedfor thesecondtimeto get
thefinal schedule.Thedummymemoryaccessstatementsserveas
agapbetweenthereadsandthewrites.

4.3.4. Memoryaccesscycle

Strictly speaking,thenumberof memorycyclesneededto com-
pletea reador write areindeterminateanddependson the hand-
shake signalswith the memoryandthe bus. Accessto the mem-



ory canbe arbitrated,and dependingon the arbitration,a mem-
ory accesscantake any numberof cycles. This makespipelining
multiple iterationswith memoryaccessesvery complex. To per-
form correctly, thepipelinemusthave facility to flushandrecover,
a mechanismsimilar to the pipelinesin general-purposeproces-
sors.However, producingsuchpipelinesis extremelycomplicated.
Moreover, mostusershandover thecontrolof thememoryto the
FPGA boardbeforestartingan applicationon the board. Under
suchconditions,the accessto memorytake a predictablenumber
of cycles. We alsoassumethat theaccessto memoryis underthe
FPGA board’s control andmemoryaccessescannotbe stalledin
between.If an initiated memoryaccessdoesnot completein the
pre-determinednumberof clock cycles,thehardwareraisesaner-
ror flag.

5. EXPERIMENTAL RESULTS

In this sectionwe presentour experimentalresults. The bench-
marksincludematrix multiplication,FIR filter, Sobeledgedetec-
tion algorithm,averagefilter andthemotionestimationalgorithm.
For eachbenchmark,first a descriptionof the algorithmin MAT-
LAB waspassedthroughourcompilerwithout thepipeliningopti-
mization. Secondly, thedescriptionof thealgorithmin MATLAB
waspassedthroughthecompilerwith thepipeliningoptimization.
All thehardwareweremappedto theXilinx e�`>�lj��(m FPGAwith
an externalmemoryon the YwZo\;^D`Ga5Z]\_^9bdc boardfrom Annapo-
lis Micro Systems.Theresultswerecomparedwith manuallyde-
signedhardware for the benchmarks.Figure4 shows the execu-
tion times for the threeversionsof eachbenchmark. For each
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Figure 4. Ratio of execution times for compiler generated un-
pipelined hardware, compiler generated pipelined hardware,
manually designed hardware (normalized to execution times
of manually generated hardware).

benchmark,theexecutiontimeshave beennormalizedagainstthe
executiontime for themanuallydesignedhardware. On theaver-
age,theexecutiontime for thecompilergeneratedhardwarewith-
out pipeliningis about � timesslower thanthemanuallydesigned
hardware. And for all the benchmarks,the compiler generated
hardwarewith the pipelining optimizationmatchesthe execution
timesof the manuallydesignedhardware. The principal reasons
behindthesuccessof thepipeliningalgorithmare

1. Most of the benchmarksperformsimpleoperationson ma-
trices,which arerelatively large. Hencethebenchmarksare
datadominated.

2. Eachmemoryread takes five cycles to completeand each
memorywrite takesthreecycles. On the otherhandopera-
tionssuchasaddition,multiplication,shift etc take only one
cycle.

Boththesefactorsmaketheexecutiontimesdominatedby thenum-
ber of memoryaccess.Our pipelining algorithm is designedto
maximizethe numberof memoryaccessesper clock cycle, thus
matchingthe performanceof manuallydesignedhardwarefor all
thebenchmarks.In fact for themotionestimationandFIR bench-
markswe outperformthemanuallydesignedhardwareby a factor
of four andtwo respectively. Thereasonis thattheinnermostloop
of the motion estimationalgorithmis very simplewith very little
scopeof intra -iterationoptimizationsandthenumberof statesin
the innermostloop is eight. On the otherhandthe compilerper-
forms the pipelining optimizationacrossthe iterations,andsince
the innermostloop hasonly two memoryaccesses,it producesa
loop with only two states,giving theperformancea boostof four
times. A similar reasoningholdsfor theFIR benchmark.For the
motion estimationbenchmark,the pipelineddesigngeneratedby
thecompileroverlapssix iterations,with thestatesinsidetheloop
having over k%�/j VHDL statementsin a singlestate. We believe
suchcomplexity canonly behandledby anautomatedtool.

6. CONCLUSIONS

In conclusion, we have presenteda framework for producing
pipelineddesignson FPGAsfrom signal/imageprocessingappli-
cationsdescribedin MATLAB. Although the generalpipelining
problemis NP-complete,taking into accountparticularcharacter-
isticsof theapplicationsandtargetarchitecture,wehavedeviseda
simplealgorithmthatproducesoptimumdesigns.Wehave proven
thestrengthof thecompilerby synthesizinghardwarefor acouple
of image/signalprocessingalgorithmsthatmatchtheperformance
of manuallydesignedhardware.
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