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ABSTRACT

We presenta compilerthat takes high level signal and image processing
algorithmsdescribedn MATLABandgeneatesan optimizechardware for
an FPGAwith externalmemory We proposea precisionanalysisalgorithm
to determinethe minimumnumberof bits required by an integer variable
and a combinedprecisionand error analysisalgorithmto infer the mini-
mumnumberof bits requiredby a floatingpointvariable Our resultsshow
thatonanaveiage, our algorithmsgenente hardware requiringa factor of
5 lessFPGAresoucesin termsof the Configuable Logic Blodks (CLBs)
consumeas compaedto the hardware geneatedwithouttheseoptimiza-
tions. We showthatour analysisresultsin thereductionin thesizeof lookup
tablesfor functionslike sin, cos,sqrt, exp etc. Our precisionanalysisalso
enableaisto pad variousarray elementsnto a singlememornylocationto
reducethenumberof externalmemoryaccessesi\e showthat suc a tech-
nigueimprovesthe performanceof the geneatedhardware by an average
of 35%.

1. INTRODUCTION

FieldProgrammabl&ateArrays(FPGAs)have beerrecentlyused
asan effective platformfor implementingmary image/signapro-
cessingapplications Thoughthe concepbf usingFPGAsfor cus-
tom computingevolvedin thelate 19805, certainrecentadwance-
mentsin FPGA technologyhas madereconfigurablecomputing
more feasible. Currenttrendsindicatethat FPGAshave a faster
growth of transistordensity than even generalprocessors. The
implication of this is that therewill be suficient transistorbud-
get for larger and more complex applicationsto be implemented
on FPGAs. Most hardvaredesignersodayusehardvwaredescrip-
tion languagedike VHDL/Verilog or low level CAD toolsto im-
plementdesignson FPGAs. This involves directly dealingwith
the compleities of the hardware andunderstandinghe cycle-by-
cycle behaior of millions of gateswhich canbevery tediousand
time consuming.Clearly, thereis a needfor systemlevel design
toolsthatwould provide designers higherlevel of abstractioren-
ablingthe next generatiorof complex applicationsof FPGAswith
reducedime-to-marlet.

Mary researcherbave focusedon the useof generalpurpose
languagess a target for hardware synthesis.C/C++ is the most
populartamgetlanguagg19-24]. Someotherresearcherhave at-
temptedo useJava asthetargetlanguageoo [25-27]. Our choice
of the MATLAB languageis guidedby the following facts- (1)
MATLAB is extremelypopularwith the signal/imageprocessing
community and is easierand more intuitive to usethan C/C++
(2) MATLAB hasarich setof librariesfor signal/imageprocess-
ing functionswhich canbe directly mappedto efficient libraries,
thusmakingMATLAB very conducve to designreuse.(3) Large
amountf parallelismcanbe extractedfrom MATLAB programs

with little or no dependenc analysis,asopposedo complex de-
pendeng analysisequiredby languagetike C/C++.

Someof the majorissuesn compilationfrom a high level lan-
guagefor FPGAsis in generatinghardware that will not only fit
within the FPGAs,but which will alsoprovide high performance.
Sincecontrollingthebitwidth of thevariableswill resultin instanti-
ationof lesseprecisionoperatorsn hardwareleadingto FPGAre-
sourcesavings,thereis aneedto assigrbits in anoptimalmanner
The needto consere bits hasbeeninvestigatedor architectures
like Intel's MMX [2], HP MAX-2 [3] andSUNVIS [4], which
allow datapathsto operateon subwords. Also, with thecurrentin-
terestin generatindow power systemsresearcherkave proposed
turning off bit slices [1]. Stephensoet. al. [5] have proposeda
precisionanalysisschemeto determinethe requiredbit level pre-
cision for varioustarget architectures.All of the abose work in
subword control have focussedentirely in trying to optimize the
bits for integer programs.Sincemostreal applicationshave float-
ing point operations,our work presentsa unified schemeto de-
terminethe minimumnumberof bits for bothintegerandfloating
point applications.We alsopresenta schemeo usethe precision
informationto packseveral arrayelementgo a memorylocation,
so that the total numberof memoryaccessess reduced thereby
improving performance.

The contrikution of the papercanbe summarizedsfollows:

e We presenfavaluerangepropagatioralgorithmto determine
the minimum numberof bits requiredfor theintegral part of
floating point representatioandfor integers

e We presentanerroranalysisalgorithmto determinethe min-
imum numberof bits requiredto representhe fractionalpart
of ourfloatingpointrepresentation

e We presenta memorypackingalgorithmto packmorethan
onearrayelementsnto a singlememorylocationto improve
the performancef the hardwaregenerated

This work presentsan automatedvay of improving the hard-
ware generatedby the MATCH compiler [15]. The restof the
paperis organizedasfollows. Section2 presentsan overvien of
the MATCH compiler Section3 motivatesthe needfor a bitwidth
analysisphaseand presentur representationf integer andreal
variablesin the VHDL descriptionof the hardware. Section4 and
Section5 describeouralgorithmfor precisionanderroranalysito
optimizethe FPGAresourcesonsumed.Section6 describeour
memorypackingalgorithmto improve the performancef thegen-
eratedchardware. We presensomeexperimentakesultsin Section
7 andconcluden Section8.

2. OVERVIEW OF THE MATCH PROJECT

The work presentedn this paperis partof the MATCH compiler
[13]. The MATCH compilertakesin the descriptionof an appli-



cationin MATLAB andpartitionsit into softwareto be executed
on generalpurposeandembeddegrocessoraind hardvareto be
mappedtio FPGAs. The hardware generatedire tamgetedfor the
Xilinx FPGAsonthe Wildchild™™ boardfrom AnnapolisMicro
SystemslIn thispaperweaddressheissuesnvolvedin generating
an efficient hardware oncethe frontendof the compilerhasparti-
tionedthe systeminto hardware and software [27]. In particular
we focuson optimizingthe FPGAresource#n termsof numberof
Configurabld_ogic Blocks (CLBs) usedup by theinstantiationof
variousoperatoraandregistersandin improving the performance
of thesystemby reducingthetotalnumberof clock cyclesrequired
for externalmemoryaccesses.Figure 1 shavs an overvien of
the MATCH compiler Theinput MATLAB codeis parsedin to
develop a MATLAB AST basedon a grammerdevelopedby us
[14]. SinceMATLAB is a dynamicallytypedlanguagethe type
andshapeof the variablesareunknavn at compiletime. Hence a
compilerphaseinfersthe type of the variablesand dimensionsof
the matricesand usesthis informationto scalarizethe MATLAB
AST. The AST is thenlevelizedwhereincomplex expressionsare
brokendown into simpleexpressionsvith at mostthreeoperands.
A dependangcanalysigphasanfersthecontrolanddatadependan-
ciespresentn the AST. A precisionanderroranalysigphasenfers
theoptimumnumberof bits requiredfor representinghevariables
in the MATLAB AST andgenerates resourceoptimizedVHDL
AST. Finally, a memorypackingphasepacksmorethanone ar-
ray elementinto a singlememorylocationdependingpn the array
precisionandoptimizeson the numberof memoryaccessesThe
outputVHDL codeis then passedhroughcommercialsynthesis
and placeand routetools to generatea netlist and bit-streamfor
theFPGAs.

Scalarization Levelization

Dependence Analysis

MATLAB AST Precision and Erro

Analysis

Input
MATLAB Code

Memory Packing

Output
VHDL Code

Figure 1. Overview of the SynthesisFramework

3. BITWIDTH ANALYSIS FOR HARDWARE
GENERATION

It is well known thatwhena hardwaredesignemanuallycorverts
a high level specificationof an applicationinto hardware, he can
take adwantageof detailedknownledgeof the bit level precisionof
variousvariablesin the applicationin orderto implementan op-
timum hardware. In orderto motivate the needfor sophisticated
algorithmsto synthesizehardware, we performedan experiment
on five MATLAB applicationsnamely Sobeltransform,Motion
Estimation,Homogeneou®egion Testing, IR Filter and Matrix
Multiplication. We took eachapplicationandtried to handmapit
to FPGAsby writing anRTL VHDL codewith theexactprecision
neededor eachvariable.We next hadour MATCH compilerwith-
out the bitwidth analysistake the applicationand generateRTL
VHDL codeautomatically This resultedin all variablesin the
VHDL codebeingdefinedas32bit wide operandsThisis because
high level languagewsisedfor systemlevel designlike MATLAB,
C, C++ andJava do not have the notion of bit level precision. In
therestof the paper we definesucha hardwarewhereinall vari-
ablesare mappedto 32 bit vectorsas unoptimized. The VHDL
codegenerateds theninput to thelogic synthesidool from Syn-
plicity andthe placeandroutetool from Xilinx to generatéhe bit
streanfor theWIdChild board.Figure 2 shavstheratio of FPGA

1

o
Sobel Motion Est. Homogeneous IR Filer  Matrix Mull
Region

Figure 2. Ratio of FPGA ResourcesRequired for Compiler
generatedhardware without our optimizations to hand opti-
mized hardware

resourcedn termsof Configurablelogic Blocks (CLBs) for com-
piler generatedhardware [15] to handgeneratedptimizedhard-
ware. As canbe seenthe unoptimizedhardwaregeneratedy the
compilertakes abouta factor of 4 more resourceghanthe hand
generatedhardware. Table 1 shavs thetotal numberof CLB'sre-
quired by the benchmarkdesignson the Xilinx 4028 FPGA. For
theinteger matrix multiplication, the unoptimizeddesignrequired
591 CLB’s while a handgeneratedptimized hardware required
only 133 CLB’s. This is becausdhe handgeneratediesignsin-
stantiatedexact precisionoperatorsas comparedo the compiled
design.Hence,we requirea bitwidth analysisphaseto determine
theminimumnumberof bitsrequiredto represenaintegeror areal
variable. Further sinceMATLAB doesnot have a representation
for variablesof differentbitwidths,we requirea representatiofor
integerandrealvariablesof differentprecisionin theoutputVHDL
code.

Table 1. Total number of CLB’ srequired by Hand optimized
and Compiler generateddesigns

Sobel | Motion | Homogeneous IIR Matrix
Est. RegionTest | Filter | Mult.
Hand 199 205 39 220 304
Compiled | 856 368 215 1071 591

3.1. Representationof Integer and Real Variables

All variablesn theoutputRTL VHDL codearemappedo bit vec-
tors of type std.logic_vector of width asdecidedby the bitwidth

analysigphase Themostsignificantbit of thebit vectoris resered
for thesignbit for bothintegerandrealvariables.For integervari-

ables thevalueof thevariableis convertedto binary anddirectly
mappedo the bit vector For realvariablesthe mostwidely used
representatiois the IEEE floating point representationFig 3(a)
shavs the MATLAB codefor the multiplication of two realnum-
bers. Figure 3(b) shavs the variablesrepresentedn the IEEE
formatwhereall variablesarerepresentetly 32 bits. Sucharepre-
sentatioris often avoidedfor reconfigurableomputingplatforms
becaus¢hefloatingpointoperatordypically requiretoomucharea
to be practical. One of the acceptednethodsof performingfrac-
tional operationss to computethe threecomponentof floating
point result, sign, exponentand mantissaindependently [9, 10].

But suchsystemsio not have high clock ratesandarealsolimited

by area[9]. Onealternatve representatiois to usefixedpointrep-
resentationsThe main advantageof sucha representatiois that
all operationsanbeperformedusingintegeroperatorsesultingin

muchlessusageof FPGAresources.

We usea fixed point scheméan which real numbersarerepre-
sentedby both a integer partanda fractionalpart. The adwantage
of suchan approactcanbe seenfrom Figure 3(b) and(c) where
werequire32bitsto represenboth5.5and1399.75with afloating
point representatiomnhile it takesonly 4 bits to represenb.5 and
13bitsto represent399.75with afixed pointrepresentationThis
will resultin theinstantiatiorof a 17 bit multiplier for the multipli-
cationin Figure 3 (c) ascomparedo a 64 bit multiplier if floating
point representatiors used.Hence the FPGAresourcesreopti-



mally used.Themaindisadwantageof sucha representatiois that
the numberof bits requiredfor the integral partwould be high if
the valuerangeof the variableis high. This is acceptabldor our
studysincethe dynamicrangeof all variablesin almostall image
andsignalprocessingpplicationss small. Anotherdisadwantage
of sucha representatiois that sinceboth the numberof bits re-
quiredfor the integer partandthe numberof bits requiredfor the
fractionalpartwould vary for differentvariablesjntegeroperators
would notgive correctresultsasthey requirethe decimalbitsto be
perfectlyalligned.Onesolutionto thisis to remembethe number
of bits for the fractional part for eachreal variableand generate
conditionalcodesothatintegeroperatorsould be used.We have
madean assumptiorthat the numberof bits requiredto represent
thefractionalpartis constanffor all real variableswhile the num-
ber of bits requiredto representheinteger partcanvary. Figure
4 shaws thatthe multiplication of the two numbersusingthis as-
sumptionrequiresinteger operators. The middle column shavs
thatthemultiplicationinvolvesa Xor operatioronthesignbitsand
a normalinteger operationon the otherbits. The last column of
Figure 4 shavs the actualinteger multiplication. Our algorithms
in the next sectioncanaccuratelydeterminghe numberof bits re-
quiredfor theintegerpartof therealvariable.Hence the outputof
themultiplicationin thelastcolumnof Figure 4 is sampledsothat
thefirst 5 bits is for the integer part of theresultc (sincedecimal
13requiress bits) andthe next 4 bits is sampledor the fractional ,
part(sinceboththevariablesa andb have 4 bits for the fractional
part). The main adwantageof this representatioiis that different
variableswill have differentnumberof bits as requiredfor their
representationnlike the floating point representatiosothatinte-
geroperator®f theoptimalprecisiorwould beinstantiatedeading
to resourcesavings.

We next present precisionanalysisalgorithmto determinethe
minimumnumberof bitsrequirecto represenintegervariablesand
theintegerpartof realvariables.

MATLAB Code Floating Point representation

a=010000011 01100. nt

b =010000110 11111.[.
¢=010001001 01011..

Fixed Point Representation

a=>5.5;
b = 254.5;

Fract.
a=101 1
b=11111110 1

¢ =10101110111 1

(b) ©)

Figure 3. Representationof Real Variables
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Figure 4. Example showing that Multiplication usingour rep-
resentationusesinteger operators

4. PRECISION ANALYSIS

In ourrepresentatioof variablesthe minimumnumberof bits re-

quiredto represeninteger variablesand the integer part of real

variablesis directly relatedto the maximumvalue that the vari-

ableattainsthroughouthe programrun. Hence precisionanalysis
or the minimum numberof bits requiredto representhe integer

part of the variablescan be inferred by value rangepropagation
[28]. We next discusshevaluerangepropagatioralgorithmto ac-

curatelydeterminethe minimum numberof bits requiredfor the

integerpartof thevariables.

Algorithm 1 PrecisionAnalysisfor Integer Bencimarks

Input MATLAB AST with all variablesdefinedaseitherintegeror Real
Output VHDL AST with all variablesdefinedasa bit vectorwith opti-
mum numberof bits

Algorithm:

1. Levelizethe MATLAB AST

2. Introducetemporariesothatinteger x floatareconvertedinto

float x float

i.e.floatf =i x 3.147

becomedloati’ = (float)i; floatf =i’ x 3.147;

3. Createa dataflow graphwith a single staticassignmenprop-

erty.

4. Associate3 structuresvith eachvariablein the AST :
eUp: representthe datarangeduringbackward propagation
eDown: representthe datarangeduringforward propagation
eActual: representtheactualdatarange= Up 1 Down.

5.Initialize each of these structuresfor each variable to <
—INTmaz, INTmaz >
6. Readin tamgetarchitecturdeaturesfrom a file sothatmemory
width andaddressvidth canbe usedto optimizeon the precision
of thearrayelements.
7.do{
8.
Traversethe SSA dataflow graphin the forward direction
andinfer thevaluerangeof variablesn thelhs of anassign-
mentexpression

Calculatethe datarangedor the variablebeingcalcu-

lated

Note Datarangess to becalculatecevenfor realvari-

ables

eFindthedatarangeof theresultif thetransformation
is known, else,if the transformatioris unknavn, as
in library andfunction calls, leave the datavaluesat
themaximum

eFor loop constructsthe datarangesfor variablesin
the body of the loop can be calculatedby actually
traversingthe loop. If loop boundsare unknavn at
compiletime, thenall variablesmodified inside the
loop areassignedhe maximumdatarangeto ensure
programcorrectness

e A simpleoptimizationwhich canbeappliedwhenthe
loop body computationsrelinearis to find a closed
form expressionin termsof the loop trip countand
thegrowth factor [7].

10.
Performerror Analysisby finding out the error of the lhs of
an assignmenexpressionaccordingto the transformations
givenin Figure 5

11
Traversethe SSA dataflow graphin the backward direction
andinfer thevaluerangeof variablesn therhsof anassign-
mentexpressiorfrom similar transformationgasin Step9.

12

}while (noneof the datarangeschangeor for a fixed numberof
iterations);
13. ChangehesymbolTableto reflectprecisioninformation.
14. PerformotherOptimizationslike ConstantPropagation and Dead
CodeElimination
15. Reflectchangesn the VHDL AST sothatall variablesarerepre-
sentedasbit vectors.
16. Make madificationsto the VHDL AST to accountfor commercial
High Level SynthesisTool peculiarities




4.1. Algorithm for PrecisionAnalysis

Algorithm 1 determineghe minimum numberof bits requiredto

representa variable. Step1l of the algorithmlevelizesthe MAT-

LAB AST sothatall assignmentperationsareconvertedto athree
operandormat. This helpsin formulatinga seriesof transforma-
tions asshavn in [5] which cannow be appliedon thesestate-
mentsto infer thevaluerange.To avoid convertinginductionvari-

ablesusedinsideloopsto be type promotedto real numbersijt is

necessaryo usetemporarieasshavn in Step2. Valuerangeprop-
agationis simplifiedby theassumptiorthatevery useof avariable
hasonly onereachingdefinition. Hence,a dataflav graphwith a

staticsingleassignmen{SSA) propertyis generatedStep3 usesa

Array basedSSArepresentatior8] whereineacharrayelements

renamedso that precisioninferencingbecomesnoreaccurate. W
have implementeda forward andbackward propagatioralgorithm
to determinethe maximumvalue of eachvariable. The precision
analysigphaseendsoncethevaluerangeof all variablesstabilizes.
Certainprecisioninformationcanbe derived from thetargetarchi-
tecturefor which VHDL is generated For example,the memory
of theslave FPGAs ontheWIdChild boardis 16 bits wide andthe

externalmemoryhas2!® locations. Step6 readsin this informa-
tion from anarchitecturdile andusesit for inferring the precision
of addreswariablesandarrayelementsAn addedbenefitof Value
RangePropagatioris in optimizationslike ConstantPropagation

[16] andDeadCodeElimination

5. ERROR ANALYSIS

Thoughthevaluerangepropagatioralgorithmin the previoussec-
tion candeterminethe minimum numberof bits requiredfor the
integer part of the real variable,this is not true for the fractional
partof thereal variable. This is because floating point variable
canattaininnumerablesaluesbetweerntwo integers.If we useless
numberof bits to representhe fractionalpart,thenwe will bede-
creasingheresolutionof thevariable therebyintroducinganerror
in computationsHence we requirean erroranalysisphaseto de-
terminethetolerableerror.

5.1. Algorithm for Err or Analysis

Step10 of Algorithm 1 findstheerrorin thefixed point represen-
tation of eachvariablebasedon transformationoutlinedin Fig-
ure 5. Mostimageprocessingpplicationgake asinputanimage
andoutputanothemodifiedimage.Theactualalgorithmperforms
somefloatingpointoperation®n thesenputimagedo give usthe
final outputimage.Hence the errortolerancen suchapplications
is very high. We caninfer the numberof resolutionbits for real
numbersvhen:

e The compiler assumeghat since the intermediatevalue of
254.99and254.01would resultin the samevalue of 254 for
theoutputdata(sinceoutputimageis aninteger),we canhave
atolerableerrorof 1 in theintermediatevalues

e Theuserspecifieghetolerableerrorin thepixelsof theoutput
image

e Theuserusesprintf statements the MATLAB codeandde-
finesthe outputresolution

e Thecompilerassumeshatsincethe codewasto be executed
asasequentiaMATLAB codewhich hasa defaultresolution
of 4, all outputvariableshave aresolutionof 4 andbackprop-
agatethisinformationin theerroranalysigphaseo determine
theresolutionof intermediateealvariables

Hence thetolerableerrorfor theintermediateeal variableusedin
calculatingthe outputpixel is determined.The forward propaga-
tion algorithm 1 usesthe transformation®utlinedin Figure 5 to

find out the errorin the calculationof the intermediatereal vari-
ables,both becauseof its representatiorusing lessernumberof
bits andalsobecausef its computatiorfrom otherreal variables
which have errorsin their representation.This erroris in terms
of the numberof bits t usedin representinghe fractionalpart of
thevariable. Both theinformation,namelythe tolerableerrorand
the error dueto computationusing lessnumberof bits is usedto
determinethe minimum numberof bits requiredto representhe
variable.Hence,anerroranalysiswill give usthe minimumnum-
berof bits requiredto representhefractionalpartof therealnum-
berswhile the precisionanalysisalgorithmin the previous section
will give usthe minimumnumberof bits requiredto representhe
integerpartof therealnumber

Further sincemostimageprocessingpplicationshave callsto
sin,cos,exp andsqrtfunctionsiit is necessaryo instantiatdookup
tablesfor thesefunctionsin the FPGA core,else thetime takento
transferdataout of the FPGA, executethesefunctionson thegen-
eral purposeprocessornd bring backthe datawould resultin a
performanceottleneck.To instantiatea lookuptablefor thefunc-
tiony = cos(x), it canbe seenthatif the precisionof variablex
is p bits, then,the maximumnumberof pointsin the X axis that
variablex cantake is 2P. Hence the lookup tablewould have 2P
rows. Also, if theresolutionof all floatingpoint variablesis found
outby theerroranalysisstageto ber bits, then,sincecos(x)attains
valuesbetween1 and+1, all rows in the lookuptablewould ber
bitswide. Hence for the unoptimizechardwarewithouterroranal-
ysis, thelookuptablewould have 232 rows of 32 bitswidth. Onthe
otherhand ,afterour erroranalysisphasehasdecidedthe optimum
resolutionto ber bits, the sizeof thetablewould bereducedo 2"
rows of r bits wide resultingin savingsin FPGAresources.

6. MEMORY PACKING

It is well knowvn thatmostof the computationsn imageprocessing
applicationsnvolve memoryaccessedVhensuchapplicationsare
compiledfor a systemwith anexternalmemoryasis truefor most
commerciallyavailable FPGA boards,memoryaccesshecomes
performanceottleneck. Hence,reducingthe numberof external
memoryaccessesould leadto performancegains. An example
imageprocessingodefor Region Splittingin MATLAB is given
in Figure 6. An importantobsenration in this codeis that each
iterationof theloop makesa memoryaccessvhichis independent
of otherloop iterations.Also, the memoryaccesgatternsareuni-
form. Mostimageprocessin@pplicationghatwe consideredhave
characteristicsvhich aresimilar to Figure 6, namelyno loop car
ried dependencanduniformmemoryaccessl|f theseapplications
are tagetedfor executionon commercialFPGA boardswith an
externalmemoryasin the WIdChild andthe WildStar boardfrom
AnnapolisMicro Systemstheneachmemoryaccesouldtake as
long as3-4 clock cycleson ary of theseboards.Oneway of im-
proving the performances pipeliningthe memoryaccesseq12].
Yet anothemethodwhich canbe implementecbver pipelining is
by packingmore than one array elementinto the samememory
location. For example,the WIdChild architecturehasan external
memorywhichis 32 bits wide for PEQ. In Figure 6, if we assume
thattheimagea andb arein a gray scaleformatandhave avalue
rangeof < 0,255 >, thenthe precisionof the imagesis 8 bits
andwe canpackupto 4 array elementsn one memorylocation.
In the Ragion Splitting codeshawvn, sincethe loop iterationsare
independentye canunroll theloop by afactorof 4 sothatin each
loop iteration, thereare 4 differentarray elementaccessesvhich
have the samephysicalmemorylocations. Hence the total num-
ber of memoryaccesss decreasedby a factorof 4 reducingthe
total numberof clock cycles.

6.1. Algorithm for Memory Packing

Algorithm 2 findsthe optimumPacking Order (PO)for eacharray
wherePO is definedby the maximumnumberof array elements



[F- we useonly T bits for decimalrepresentatiomsteadof INF numberof
bits, thenthe errorwould be:
e=2—(t+1) L o—(t+2) L o-(t+3) 1 ... 4 o
=2*(t+1)(1+%+ 2L2 +- 4+ 00
= _(t+1) 1
2-tHD(2y)
= 2_5
rep(a)is therepresentationf variablea in ourrepresentation
e a=(float)b/* bisaninteger*/
= €3 =0
o floata=7.3245658
=rep(a)=a+eq
wheree, < 27¢

e a=b+c
= rep(a)=rep(b)+ rep(c)
=b+e, +C+ee
=(b+c)+(ep +ec)
=—a+e,
Henceg, =€ + €c

e a=b-c
= rep(a)=rep(b)- rep(c)
=b+e¢,-Ctec
=(b-c)+ (e +€c)
=ateg
Hencegq =€ + €c

e a=bhxc
= rep(a)=rep(b) x rep(c)+ e
This e arisesdueto roundingof/truncationof the 2t bits generaten
multiplicationto t bits.
Henceyep(a)=(b+¢) X (C+ec ) +¢
=hc+(be.+ce, +¢)
=ateq
Henceg, < rep(b)x €. +rep(c) x e, +27¢

Figure5. Subsetof Transformations for Err or Analysis

for j=M1:1:M2
fori=N1:1:N2
sum = sum + a[j][i] ;
sum =sum/ ((N2 - N1)* (M2 - M1));
forj=M1:1:M2
fori=N1: 1: N2
b[j][i] = (unsigned char) sum ;

Figure 6. Example MATLAB codeshowing application of Re-
gion Splitting

fori=1:4:20
afi+2] = b[i] + c[i+1];

fori=1:1:20 ’ ; :
T A - a[i+3] = b{i+1] + c[i+2];
ena:j[|+2] = b[i] + c[i+1]; ali+4] = b[i+2] + c[i+3];

a[i+5] = b[i+3] + c[i+4];
end

Figure 7. Example showing loop unrolled for Memory Packing

thatcanbe pacledin eachmemorylocation. The minimumnum-
berof bitsrequiredby the arrayelementsanbedetermineceither
by : 1 parsingthe input imagefiles provided, 2 provided by the
uservia directvesand3 computedy theprecisionanalysigphase.
Sincemostof theimagesreadin from MATLAB arestoredin a2-
dimensionahrray the precisionof theinputimagesis inferredby
parsingthe input matricesto getthe maximumvalue of the array
elements.Figure 7 shaws a typical loop describedn MATLAB
andits unrolledversion.As memorypackingrequiresconsecutie
arrayaccesscrosdoops,step8 of algorithm2, findsoutthearray
accesgatternsaaccrosdoop iterations.Sincethe maximumunroll
factorof theloop canbe equalto thearrayPO,we needto find the
arrayaccespatternof thefirst POiterationsof theloop. Theunroll
factorof eachmemoryaccessn aloopis definedby thenumberof
arrayelementaccesseacrosdoopswhich lie in thesamephysical
memorylocation. To minimize the numberof memoryaccesses,
step12 unrollsthe loop by the maximumunroll factor For the un-
rolledloopin Figure 7, boththearraysa andc requiretwo memory
accessewhile arrayb requiresonememoryaccessn a singleit-
erationof theloop. Thus,the total numberof memoryaccesses
reduceddy 55 % dueto memorypacking.

Algorithm 2 MemoryPacking Algorithm

Input MATLAB AST with all array elementsmappedto a different
memoryaddress
Output VHDL AST with certainarray elementpacled into the same
memorylocation

Algorithm:
1. Parseinputdatafiles or parsein userdirecivesor usealgorithmIto

getprecisionof inputarrays
2. Usealgorithm1 to getprecisionof intermediatearrays
3. DecideArray Padking Order (APO) of eacharraywhere:
arrayAPO = floor(Memorywidth / arrayprecision)
4. actualPacing Order (PO)= max(APO)
5. for all innermostoopsin theapplication
6. Performa simpleDependancénalysisto checkfor loop carried
dependancies
7.  for all arrayaccessem aloop
8. Calculatetheset(Xo, X1, -+, Xpo—1) Where
X; isthearrayelementaccessn theith iterationof theloop
9. Calculatethe set X; % PO which is the arrayelementaccess
patternin theloop
10. Calculatemaximumunroll factorof theloopssothatin each
loop iteration,this particulararrayaccessvhenunrolledleadsto only 1
pacled memoryaccess
11. endfor
12. Final Unroll Factor= gcd(maximumof all the individual array
accesanroll factorsJoop stopvalue)
13.  Unroll theloopin the MATLAB AST
14.  Mark all arrayaccessem theloopwhich areredundant
15. endfor
16. Performall otherOptimizationsn theMATLAB AST
17.In creationof the VHDL AST, all memoryaddressearechangedo
(memoryaddressyo PO
18. DeadCodeeliminationremavesall redundantaddressaccessem
VHDL AST

7. EXPERIMENT AL RESULTS

The experimentalsetupconsistsof the precisionanderror analy-
sis algorithmfollowed by the memorypackingalgorithmimple-
mentedin the framewvork of the MATCH compiler [13]. Ex-
perimentswere carried out on a set of widely usedimage pro-
cessingapplicationslike Transitive Closue, SobelEdge Detec-
tor, Motion Estimation Image Thresholding HomaeneousRe-
gion Testing Matrix multiplication Vector sum Inverse Hough
Transform Hough Transform IIR Filter, GaussianNoise Gener
ator andLaplacianNoiseGeneator. Of these thefirst sevenare



Table 2. Experimental Resultsshowing efficient FPGA resouiceusageand impr ovementin performancefor benchmark algorithms,
* : The designcould not be placedand routed on the Xilinx 4028,- : Designnot available

unoptimized with precision with precisionanalysis manuallygenerated
hardvare analysis andmemorypacking hardvare
Benchmarks CLBs | Freq. | Time | CLBs | Freq. | Time | CLBs | Freq. | Time | CLBs | Freq. | Time
Sobel 856 20.7 * 483 236 | 041 561 21.8 | 0.38 199 18.6 | 0.06
ImageThresholding| 162 28.4 | 0.09 73 29.7 0.07 144 20.0 | 0.05 41 27.3 | 0.04
Homogeneous 215 256 | 0.11 93 31.7 | 0.08 149 28.2 | 0.06 39 26.4 | 0.02
Matrix Mult. 591 20.1 * 133 25.1 | 12.61 192 21.3 5.7 304 19.9 4.6
Closure 1177 | 19.3 * 164 241 | 12.71 431 21.7 | 0.88 - - -

VectorSum 116 32.7 | 0.06 86 384 0.05 132 35.1 | 0.02 41 28.3 | 0.01

integerbenchmarkandthelastfive arefloatingpointbenchmarks.
A detaileddescriptionof thesealgorithmscanbe foundin [26].
For eachbenchmarkfirst a descriptionof the algorithmin MAT-
LAB waspassedhroughour compilerwithout ary optimizations
to gettheunoptimizechardware. Secondlythe algorithmin MAT-
LAB waspassedhroughourcompilerwith theprecisionerrorand
memorypackingphaseso gettheoptimizedhardware. Theoutput
of our compilerwasthe descriptionof a hardwarein VHDL. We
usedthe Synplifytoolsfrom Synplicityto getthe netlistandthe Al-
liancetoolsfrom Xilinx to getthe FPGAbit streamfor the Xilinx
XC4028FPGA with an external memoryon the WildChildT™
boardfrom AnnapolisMicro Systems.

Figure 8 shavsthaton anaverage thedesignsconsumeabout
afactorof 5 lessFPGAresourcesfterour precisionanalysigphase
ascomparedo the unoptimizedhardwvare. It canbe seenthatfor
somebenchmarkdike IIR Filter, the optimizedhardware usesa
factorof 9.5 lessresourceghanthe unoptimizedhardvare. Fur-
ther, Figure 2 shavs thatour manuallydesignechardwarefor IIR
Filter consumesesourceswhich area factorof 4.7 lessthanthe
unoptimizechardware,whichimpliesthatour automatedool gen-
eratesa moreresourceefficient hardware, by almosta factorof 2,
ascomparedo evenamanuallydesignedardware. Thereasorfor
thisis thatthoughit is easyto determinegthe minimum numberof
bits manuallyfor theinput andthe outputvariableseven for com-
plex designscomputingheprecisiorfor intermediatevariablesor
hardwarespanningvera1000linesof VHDL codeis verytedious
anderrorprone. This is becausethe userhasto mimick the pre-
cision analysisphasein propagatingvalue rangesthroughoutthe
code.Hencejt canbeinferredfrom Figure 8 thatfor largedesigns,
our compilerwould generatefficient hardwarewhichwould be as
goodasor betterthana manuallydesignedone. Table 2 shavs
the actualCLBs requiredandthe executiontime for somedesigns
aftertheoptimizationphaseslt canbeseerthattheexecutiontime
of thedesignslecreaseby about20 % afterthe precisionanalysis
phase.This is becausehe numberof CLBs requiredfor the logic
decreasesfter this phaseso that the commercialhigh level syn-
thesistoolscanroutedesignsn amoreefficientmannefdeadingto
increasedrequeng of execution.

Figure 9 shavs the averagereductionin FPGAresourcesifter
our combinedprecisionanderroranalysisalgorithmto be afactor
of 3.5 ascomparedo the unoptimizedhardware for applications
with floating point operations.The reasorfor thesesasingsis be-
causeve wereableto useaunifiedapproactof precisionanderror
analysigo determinghe minimumnumberof bitsrequiredfor real
variables.Thefinal savingsin FPGAresourcesvould befar more
thanthe numbershavn. Thisis becauseur error analysisphase
would alsodeterminethe minimum size of the sin, cos, sqrt, log
lookuptablessothatthe erroris minimized. For example,without
ary error analysis,the userwould have instantiateda coslookup
tablewith 23? rows of 32 bit width for the Inverse HoughTrans-
form MATLAB codefor executionon an FPGAboard. Our error
analysisphaseinfers the minimum resolutionof real variablesto
be 14 for this application. Hence,our compilerwould instantiate

acoslookuptableof 2! rows with width of 14 bits which would
leadto ahugesavings of FPGAresources.

Figure 10 shaws that on an average,our optimizedhardware
aftermemorypackingis fasterby 35 %. Thisis becauseur op-
timization tries to reducethe total numberof accesseto the ex-
ternalmemoryin the program. For mostapplicationswhich are
easilyparallelizabldik e Viector Sum we cangetalmost60 % re-
ductionin the executiontimes. Column4 of Table 2 shavs that
the resourcesonsumedhfter the memorypackingphasegoesup
by almost50 %. This is becauseur memorypackingalgorithm
unrollstheMATLAB for loopsto extractmoreparallelism.Hence,
thereis clearly a resourceversusperformanceradeof. For ap-
plicationslike SobelTransform the major part of the algorithm
is computedinside a loop with a hugelist of statementsywhich
would have beenquadrupledf it wereunrolledfor memorypack-
ing. Mosthighlevel syntheigoolslike Synplifyarenotableto per
formresourcesharingoptimallyin suchconditions.Hence though
unrolling would improve the hardware performancethe packing
algorithmis selectvely appliedin the Sobelapplicationresulting
in animprovementof only 8 %.

Table 2 shaws the detailsof our experimentalresultsinclud-
ing the CLB count,clock frequeny of the synthesizedlesignand
the executiontime of the designon the WIIdChild boardfor vari-
ousbenchmarlapplicationgor thehardwarewithoutthe optimiza-
tions, the optimizedhardware afyer precisionand error analysis,
for the optimizedhardvare generatedfter precisionanalysisand
memorypackingandfor the manuallygeneratedptimizedhard-
ware.lt canbeseerfrom Table 2 thatthemanuallygeneratetiard-
wareis betterthanthe hardvwaregeneratedby the optimizingcom-
piler by almostafactorof 2.7. Thisis becaus¢he manuallygener
atedhardware makes useof the factthatthe externalmemoryac-
cesse®n the WIdChild boardcanbe pipelined. Hence pipelined
memoryreadsandwritestake oneclock cycle ascomparedo three
clock cyclesfor our compilergeneratediesigns.Sincea pipelin-
ing algorithm [11] canbeimplementedftermemorypacking,we
expectthe designsgeneratedy the compilerafter the pipelining
phasehasbeenintegratedto the currentMATCH framework to be
asgoodasthemanuallygeneratedhardvare.
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Figure 8. Ratio of the FPGA resourcesin terms of CLBs re-
quir ed by the unoptimized hardware to that required by the
optimized hardware after precisionanalysisfor integer appli-
cations
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Figure 9. Ratio of the FPGA resourcesin terms of CLBs re-
quir ed by the unoptimized hardware to that required by the
optimized hardwareafter precisionand error analysisfor float-
ing point applications
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Figure 10. Percentagereduction in the executiontime after
memory packing

8. CONCLUSION

We have presentedh frameavork for generatingan efficient hard-
warefor image/signaprocessingapplicationsdescribedn MAT-
LAB. Wehave proposedirepresentationf floatingpointvariables
which would leadto optimal usageof FPGAresourcesAlso, we
have proposed precisionanderroranalysisalgorithmto generate
hardwarewith anaverageresourceequirementeducedy afactor
of 5 ascomparedo anunoptimizechardwarebeforeour analysis.
We have also proposeda memorypackingalgorithmto generate
fasterhardwarerequiringan averageof 35 % lessexecutiontime.
We have proven the strengthof the optimizing compilerby syn-
thesizinghardware for certaingimageprocessinglgorithmsthat
areasgoodasthe manuallydesignedardwarein performancend
resourceneeds.
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