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ABSTRACT

We presenta compilerthat takes high level algorithmsdescribed
in MATLAB and geneatesan optimizedhardware for an FPGA
with externalmemory A framevork is describedo detectand ex-
ploit opportunitiesto pipelineloopsin an optimalway Effective-
nessftheframeavorkis demonstatedby synthesizingomemage
andsignalprocessin@gpplications.Startingfromthe MATLABde-
scription of the applications hardware is synthesizethat runson
a Xilinx XC4028.Thesynthesizedesignsare equivalento manu-
ally optimizeddesignsn performance

1. INTRODUCTION

FieldProgrammabl&ateArrays(FPGAs)have beerrecentlyused
asan effective platformfor implementingmary image/signapro-
cessingapplications Thoughthe concepbf usingFPGAsfor cus-
tom computingevolvedin thelate 19805, availability of commer
cial synthesisandplacementools for FPGAshasmadereconfig-
urablecomputingmorefeasible. Currenttrendsindicatethat FP-
GAs have a fastergrowth of transistordensitythan even general
processorsTheimplication of this is thattherewill be sufiicient
transistorbudgetfor larger and more complex applicationsto be
implementecdon FPGAs. This haspromptedmary researcherto
provide ahardwaresynthesigpathfrom generapurposdanguages
suchas C/C++[9], Java [8] andMatlab' [6]. Our choiceof the
MATLAB languageis guidedby the following facts- (1) MAT-
LAB is extremelypopularwith the signal/imageprocessingcom-
munity andis easiemndmoreintuitive to usethanC/C++(2) MAT-
LAB hasarich setof librariesfor signal/imageprocessingunc-
tionswhich canbedirectly mappedo efficientlibraries,thusmak-
ing MATLAB very conducve to designreuse.(3) Largeamounts
of parallelismcanbe extractedfrom MATLAB programswith lit-
tle or no dependencanalysisasopposedo comple dependenc
analysisrequiredby languagesike C/C++. In additionto meeting
time-to-marlet pressureghehardwaresynthesigramevorks must
meetthe requiredperformanceonstraints Many of the synthesis
framaworks leverageoff the optimizationframewvorks of the com-
pilers of the target high level language.In particulayr the Modula
Pipeline[5] compilerfocuseson usingvectorizingcompileranal-
ysis of loopsto synthesizeefficient pipelinedimplementationin
hardware. Their frameavork is basedon the SUIF compilerframe-
work andthey take algorithmsdescribedn C. Theeffectof various
loop optimizationgncludingpipelininghave beenreported.In this
paper by pipelining we referto pipelining loopsin the hardware
descriptionsgitherat the high level languageor at the low level
VHDL generated.This is differentfrom pipelining hardware re-
sourcedik e addersandmultiplierswhichinvolvesusingthepartic-
ularresourcdor multiplecomputationin differentstagesPipelin-

1 MATLAB® is aregisteredrademarlof Mathworks,Inc.

ing loopsis aboutusingthe hardvareresourceso computemulti-

pleiterationsin differentstagesThe maindifferencebetweerthe
Modulacompilerandour work is thatwhile the Modulacompiler
attemptgto pipelineat the level of the C statementspur work fo-

cusenpipeliningtheVHDL generatedromthe MATLAB state-
ments.This bringsthe optimizationscloserto the hardwaregener

ated. On onehandthis opensup moreopportunitiesof optimiza-
tionsandon the otherhandonehasto dealwith the compleities
of thehardwvare.

The contrikutionsof this papercanbe summarizedsfollows

o Wepresentaframevork for generatingipelinedhardwareon
FPGAsfrom algorithmsdescribedn MATLAB.

e We presenta pipelining algorithmthat producesoptimal de-
signs for typical signal/imageprocessingapplicationsde-
scribedin MATLAB.

e Wedemonstrattheeffectivenesof ourmethodologyby syn-
thesizinghardwarefor somesignal/imagerocessingpplica-
tions with the quality of the generatedardware comparable
to manuallydesignechardvare.

The paperis organizedasfollows. Section2 givesanovervieny
of our compilerframework andtargetarchitecture Section3 mo-
tivatesthe needto pipeline. Sectiord describeour pipeliningal-
gorithm. Section5 present®ur experimentatesultswith thecom-
piler andSectioné talksaboutour conclusions.

2. OVERVIEW

The work presentedn this paperis partof a MATLAB compiler
for heterogeneousystemsconsistingof generalpurposeproces-
sors,embeddecprocessorand FPGAs. Our compilertakes the
descriptionof asystemin MATLAB andpartitionsit into software
to be executedon generalpurposeandembeddegrocessorand
hardware to be mappedto FPGAs. In this paperwe addresghe
issuednvolvedin generatingn efficient hardware oncethe front-
endof the compilerhaspartitionedthe systeminto hardware and
software. In particularwe focuson the pipelining framevork that
doesdependenc analysison the input algorithmand producesa
pipelineddesignif possible. Figure 1 shavs an overview of the
frameawork. Firsttheinput MATLAB codeis parsedto construct
anAbstractSyntaxTree (AST). SinceMATLAB variablesdo not
have ary notion of type-shapea compilerphaseinfers the types
of the variablesandthe dimensionsf the matrices. The AST is
thenscalarizedwherethe operationon matricesareexpandedut
into loops. The AST is thenlevelized,wherecomplex expressions
arebrokendown into simplerexpressiongontainingat mostthree
operandsA dependencanalysigphasenfersthe controlanddata
dependencpresentn the AST. Finally apipeliningphaseanalyzes
theloopsto checkif pipeliningis possibledeterminesheinitiation
rateandproducesa correspondingipelinedhardwaredescription
in VHDL. The outputregister transferlevel (RTL) VHDL code
is thenpassedhroughcommercialsynthesisand physicaldesign
toolsto generata netlistandbit-streanto configurethe FPGA.



Scalarization
Type-Shape Analysi
MATLAB AST

Input
MATLAB Code

Levelization

Dependence Analysi

Pipelining Loop

Output
VHDL Code

Figure 1. Overview of the synthesis framework.

Input : Dependencgraphof loop body G(V,E).
Output : A pipelinedhardwvare,if possible.
Algorithm : .
M Numberof memoryreferenceén theloop body.
Ml\wl'tlﬁtlon Rate .
: Next modulomemorynumberto beassigned.

CS: Currentstatenumberto beassigned.
IF reversedependencedgethenRETURN.
M «+ Numberof memoryreferences.
I < M.
MM <+ 0,CS <0
FORall verticesv € V, state[v] - oo
UNTIL 3 vertx v € V, s.tstate[v] = oo

state_advanced < false

FORall verticesv € V notmemoryreferences

IF( predecessareadyAND state[v] = co)
state[v] + CS

EN $ .
FORall verticesv € V memoryreference

IF( predecessareadyAND state[v] = oo)

state_advanced < true
IF(CS%M > MM

state[v] < CS+ M — (CS%M — MM) ;

LSE
state[v] < CS + MM — CS%M
ENDIF;

MM+ MM +1

CS <« state[v] +1
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ENDUNTIIa .
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Figure 2. Algorithm to find pipeline schedule of a loop body

2.1. Overview of the WildChild™™ Architecture

Our compileris designedo producecodefor mostcurrentFPGA
architectures.The compilerreadsin a descriptionof the FPGA
boardarchitectureandmechanismso accesshe externalmemory
whichis usedto producethe RTL VHDL for the particularFPGA
board.Our currentexperimentaresultsareonthe WildChild™™
FPGAboardfrom AnnapolisMicro Systemslt isaVME compat-
ible boardwith eight Xilinx4010 FPGAsandone X ilinz4028
FPGA. In this paperwe focuson our work regardingthe genera-
tion of hardwarefor a singleFPGAwith anexternalmemory For
that purposewe have usedthe Xilinx4028 FPGA having 1024
CLBs. The memoryconnectedo the FPGA is 32 bit wide and
contains2'® addressablications.

3. MOTIVATION FOR PIPELINING

The compiler generatechardware (without pipelining) involve a
simple hardware synthesisnechanisnwithout any optimizations.
On an average,the compiler generatechardware are aboutfive
timesslowver thanthe manuallyoptimizeddesigngTable1). One
of the critical optimizationsthat makes the manually optimized
designsperformbetteris pipelining. All the benchmarksnvolve
heary accesseso memoryas they operateon matricesthat are
mappedo an externalmemory This is a typical characteristiof

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 6.7 501
Manual 4.6 0.06 | 16.3 3.2 141

MATLAB programs,andsignal/imageprocessingapplicationsin

particular In the compilergeneratedhardwareeachmemoryread
requiresfive states,while a memorywrite requiresthree states.
However, in manuallydesignecdardware,mostof thememoryac-
cessesre pipelined, effectively taking only one cycle per mem-
ory accessMost of thesememoryaccessesccurin aloop, while

performingoperationn matrices. The motivation behindincor

poratinga pipelining phasein our compileris to pipeline these
loops containingmemoryaccessessuchthat the performanceof

the output hardware matcheghe performanceof a manuallyde-
signedhardvare.

4. PIPELINING ALGORITHM

Given a pipelinedloop body thatis executedfor I iterationsand
hass statesandexecutionof aniterationis startedevery T cycles,
the numberof clock cyclesrequiredto completethe executionof
theloopis givenby s + (I — 1) * T. T is known astheinitiation
rateof the pipeline. For mostpracticalloopsin signalandimage
processingapplications,s andT aremuchsmallerthan. Thus
thetotal numberof clocksrequiredto executetheloopis ~ I = T'.
Thegoalof thepipeliningphasés to determinea schedulevith the
smallespossibleT’ sothattheloop takesminimumclock cyclesto
complete.

4.1. Dependency Analysis

Givenaserief nestedoops,thepipeliningalgorithmrequireghe
informationwhethertheinnermostoop body hasary loop carried
dependencfrom apreviousiterationfrom astatementhatappears
afterit in theloop body For example,seeFigure3.
Dependenciesf theform shawvn in Figure3(d) preventthe ex-
ecutionof our pipelining algorithm. Fortunately mostof the in-
nermostoopsareobtainedoy scalarizatiorof the MATLAB code,
whereinmatrix operationsreexpandedutinto loopshaving only
basicarithmeticoperations. None of the matrix operationssuch
asaddition,multiplication,accumulatioretc have suchdependen-
cies. Thuswhile scalarizing this informationis simply annotated
to theloops,andno dependencanalysiss required.However, for
loopsthatwerenot obtainedby scalarizationthe GCD [1] testis
performedandtheinformationis annotatedo theloop.

4.2, Memory Constrained I nitiation Rate

Apart from precedenceonstraintsthe pipelined schedulemust
alsosatisfyresourceconstraintsif theloop bodyis pipelinedwith



fori =1:10 fori=1:10
a[i] = b[i]+c[i]; afi+1]=c[i]+2;
end ; b[i]=a[i]+3;
end ;
(a) (b)

fori=1:10 fori=1:10
s=s + afi; b[i]= a[i] +3;
end ; a[i+1l] =c[i]+2
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 T' clocks,thenthestateshatareT clocksapart
areexecutedsimultaneouslyn the steadystateof the pipelineand
hencemusthave enouglresourceso executeconcurrently For ex-
ample,if theinitiation rateis 3, thenthestatesl, 4, 7, .. of theloop
bodyexecutetogetherandsodoesthestate2, 5, 8, ... Thegeneral
pipelining problemof finding the minimumiinitiation rategivena
setof resourcesinda setof dependenceelationsof theinputcode
is NP-complete[3]. Typical algorithmsemplg/ someheuristics
thattry to minimize the initiation intenval iteratively. We present
an algorithmthat takes into accountparticularcharacteristicof
theimage/signaprocessingpplicationsandthetargetarchitecture
underconsideratiorndproduce®ptimumschedulesvithoutiter-
ative searches.The critical assumptionshat make the algorithm
possibleare

1. Thearraysin the programaremappedntoanexternalmem-
ory. This assumptioris valid astypical arraysthatappeatin
signal and image processingdomainare too large to fit on
currentFPGAs(evenlarge ones)andhave to be storedon an
externalmemory

2. Theloopshave referenceso thesearraysandlimited amount
of computations.This is againa valid assumptiorastypical
signalandimageprocessingpplicationdo relatively simple
computationsnsidetheloops.

3. The FPGA can accesnly one externalmemoryat a time
througha single externalmemoryport. Most of the FPGA
boardarchitecturesodayfall underthis catgory. In thecase
wheremultiple memoryportsareavailable, the problemcan
behandledasa parallelizatiorproblemwith distributedmem-
ory for which considerablditeratureis available.

4. Therearenoloop carriedreversedependencedgesn thede-
pendeng graphof theloop body, i.e, a statemenof theloop
body doesnot have ary loop carrieddependencéo a state-
mentthat appearsafterit. This conditionholdsfor mostof
the imageand signal processingpenchmarksve have come
across.Moreover, pipeliningis a performanceoptimization.
In the rare event wherethe loop body doescontainreverse
dependencedgeswe cannotpipeline by the algorithm de-
scribedhereandwe shalllooseperformanceBut the output
hardwarewill be alwaysfunctionallycorrect.

The implication of theseassumptionss thatthe initiation rate
of thepipelineschedulés dominatedby memoryreferencesSince
therecanbe only onememoryreferencean a state,if aloop body
has R memory referencesthen the smallestpossibleinitiation
rateis R. Thisis the smallestpossibleinitiation raterequiredso
thatnoneof the R memoryreferencefhiappenconcurrentlyin the
steadystateof the pipeline. Given the assumptionstatedabove
are satisfied,we candevise a simple algorithmto find a pipeline
schedulavhich hasinitiation rateequalto the numberof memory
referencesandhences optimum.By optimumwe referto thefact
thatthe pipelinescheduléhasthe bestinitiation ratepossible.The
algorithmin Figure 2 is a variant of the ASAP schedulingalgo-
rithm [2].

Statementghat are not memoryreferencesare scheduledas
soonaspossible Statementthatarememoryreferencesreplaced

as soonas possible,provided they do not conflict with ary al-
readyplacedmemoryreferencingstatement.This is doneby as-
signingthe statescorrespondindo memoryreferencestatements
suchthat their statenumbersmodulothe initiation ratearein in-
creasingorder and hencedifferent. The algorithmin Figure 2
canbeefficiently implementedy consideringheverticesin topo-
logically sortedorder Traditionalpipelining techniquesonsider
arbitrary dependencgraphsand limited resources.Sucha sce-
nario is gearedtowards handlingarbitrary constructg(like those
presentn C code)onaVLIW machinewith predeterminedumber
of resourceglike addersand multipliers). As mentionedearliet
pipeliningin sucha scenarids NP-completeandtypically heuris-
ticsareapplied.In imageandsignalprocessingpplicationswrit-
tenin MATLAB, sucharbitrarydependencieso notexist. Further
more,FPGAsgive theflexibility to decidetheresourcestcompile
time. Thisleadsto greatsimplificationsandwe candeviseasimple
optimumalgorithmin thatcase.

4.3. Other Issues
4.3.1. Overlappinglive variables

The pipelining algorithm overlapsdifferentiterations,causing
an overlap of potentiallylive variables. To solwe this we usethe
modulovariableexpansiontechniqueproposedn [4].

4.3.2. Conditionalstatements

Traditionally conditional statementsvaluatea condition and
jump to a statedependingon the outcomeof the condition. How-
ever, in a pipelinedloop suchjumpsto statementgannotbe per
mitted as the next stateassignments governedby the pipeline.
Henceto pipelineloop bodieshaving conditionalstatementsthe
conditional statementsare corvertedinto a seriesof statements
with predicates. This transformsthe control dependencéo data
dependencendthe statementsanbescheduledy thepipelining
algorithmdescribedn Sectiord.2. This however posegherestric-
tion thatthe conditionvariablecannotbe modifiedinsidethe body
of the conditionalstatement.This is true in mostcasesandthe
compilercheckshis conditionbeforepipelining.

4.3.3. Turnarounddelayin WildChild™ Architectue

OntheWildChild™™ FPGAboard theremustbeadelayof at
leastonecycle betweerreadsandwritesto thememory To handle
thisconstraintfirst apipelineschedules producedy applyingthe
algorithmof Section4.2. Thendummydatadependenciearein-
troducedetweersuccessiely schedulednemoryaccesset® keep
their orderingintact. Thendummymemoryaccesstatementsire
introducedvherever areadis followedby awrite, or vice versa.Fi-
nally, the pipeliningalgorithmis appliedfor thesecondimeto get
thefinal scheduleThedummymemoryaccesstatementsene as
agapbetweerthereadsandthewrites.

4.3.4. Memoryaccesgycle

Strictly speakingthenumberf memorycyclesneededo com-
pletea reador write areindeterminateand dependson the hand-
shale signalswith the memoryandthe bus. Accessto the mem-



ory can be arbitrated,and dependingon the arbitration,a mem-
ory accessantake ary numberof cycles. This makespipelining
multiple iterationswith memoryaccessesery comple. To per
form correctly the pipelinemusthave facility to flushandrecover,
a mechanismsimilar to the pipelinesin general-purposeroces-
sors.However, producingsuchpipelinesis extremelycomplicated.
Moreover, mostusershandover the control of the memoryto the
FPGA boardbeforestartingan applicationon the board. Under
suchconditions,the accesso memorytake a predictablenumber
of cycles. We alsoassumehatthe accesso memoryis underthe
FPGA boards control and memoryaccessesannotbe stalledin
between.If aninitiated memoryaccessloesnot completein the
pre-determinediumberof clock cycles,the hardvareraisesaner
ror flag.

5. EXPERIMENTAL RESULTS

In this sectionwe presentour experimentalresults. The bench-
marksinclude matrix multiplication, FIR filter, Sobeledgedetec-
tion algorithm,averagefilter andthe motionestimationalgorithm.
For eachbenchmarkfirst a descriptionof the algorithmin MAT-
LAB waspassedhroughour compilerwithoutthe pipeliningopti-
mization. Secondlythe descriptionof the algorithmin MATLAB
waspassedhroughthe compilerwith the pipelining optimization.
All thehardwareweremappedo the Xilinx XC4028 FPGAwith
an externalmemoryon the WildChild™™ boardfrom Annapo-
lis Micro Systems.The resultswerecomparedvith manuallyde-
signedhardware for the benchmarks.Figure 4 shavs the execu-
tion timesfor the threeversionsof eachbenchmark. For each

@Manual  @Compiler  OPipelined

Motion EstAvg.
Filter

Avg. Filter

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).

benchmarkthe executiontimeshave beennormalizedagainsthe
executiontime for the manuallydesignechardware. On the aver
age,the executiontime for the compilergeneratedhardware with-
out pipeliningis about5 timesslower thanthe manuallydesigned
hardware. And for all the benchmarksthe compiler generated
hardware with the pipelining optimizationmatcheshe execution
times of the manuallydesignechardware. The principal reasons

behindthe successf thepipeliningalgorithmare )
1. Most of the benchmarksperform simple operationson ma-

trices,which arerelatively large. Hencethe benchmarksre
datadominated.

2. Eachmemoryreadtakes five cyclesto completeand each
memorywrite takesthreecycles. On the otherhandopera-
tions suchasaddition,multiplication, shift etc take only one

cycle.

Boththesdactoramake theexecutiontimesdominatedy thenum-
ber of memoryaccess. Our pipelining algorithmis designecdto
maximizethe numberof memoryaccesseger clock cycle, thus
matchingthe performanceof manuallydesignechardwarefor all

thebenchmarksin factfor the motionestimationandFIR bench-
markswe outperformthe manuallydesignechardware by a factor
of four andtwo respectiely. Thereasonis thattheinnermostoop
of the motion estimationalgorithmis very simplewith very little

scopeof intra -iterationoptimizationsandthe numberof statesn

the innermostoop is eight. On the otherhandthe compilerper

formsthe pipelining optimizationacrossthe iterations,andsince
the innermostioop hasonly two memoryaccessest producesa
loop with only two statesgiving the performance boostof four
times. A similar reasoningholdsfor the FIR benchmark.For the
motion estimationbenchmarkthe pipelineddesigngeneratedy
thecompileroverlapssix iterations with the statesnsidetheloop
having over 150 VHDL statementsn a single state. We believe
suchcompleity canonly behandledby anautomatedool.

6. CONCLUSIONS

In conclusion,we have presenteda framavork for producing
pipelineddesignson FPGAsfrom signal/imageprocessingppli-

cationsdescribedin MATLAB. Although the generalpipelining

problemis NP-completetakinginto accountparticularcharacter

isticsof the applicationsandtametarchitectureywe have deviseda

simplealgorithmthat produceptimumdesigns We have proven

the strengthof thecompilerby synthesizinghardwarefor acouple

of image/signaprocessinglgorithmsthatmatchthe performance
of manuallydesignechardvare.
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