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ABSTRACT

Signalprocessingalgorithmsandarchitecturescanusedynamicreconfig-
urationto exploit variationsin signalstatisticswith the objectives of im-
provedperformanceandreducedpower consumption.Parametersprovide
a simpleand formal way to characterizeincrementalchangesto a com-
putationandits computingmechanism.This paperexaminesfive param-
eterizedcomputationswhich are typically implementedin hardware for
a wirelessmultimediaterminal: 1) motion estimation,2) discretecosine
transform,3) Lempel-Ziv losslesscompression,4) 3D graphicslight ren-
deringand5) Viterbi decoding.Eachcomputationis examinedfor theca-
pability of dynamicallyadaptingthealgorithmandarchitectureparameters
to variationsin their respective input signals.Dynamicallyreconfigurable
low-power implementationsof eachcomputationarecurrentlyunderway.

1. INTRODUCTION

Reconfigurablecomputinghasbeenproposedfor signalprocessingwith
variousobjectives, including high-performance,flexibility, specialization
andmostrecentlyadaptability. Theactualreconfigurationcantake many
formsandis typically characterizedby: 1) how fastthereconfigurationcan
occur, and2) how muchis actuallyreconfigured,andfinally, 3) how many
possibleconfigurationsareused.

In this work we proposethat reconfigurationof algorithmsandarchi-
tecturescanbeusedto improve performanceandreducepower consump-
tion. Thisobjective canbeachievedin at leasttwo ways:1) compromising
the resultingquality of the algorithm, or 2) exploiting variationsin the
signalsand necessarycomputationsrequiredto achieve a given level of
quality. Rabaey [1] proposeda similar objective andhasdemonstratedit
in a heterogeneousconfigurablebasebandprocessor[4]. However, they
have focusedon reconfigurationfor taskspecializationandstandardsspe-
cialization utilizing domain-specificprocessorswith varying degreesof
configurationgranularityinterconnectedwith hierarchicalmeshes.Others
haveshown theability to usedynamicreconfigurationto implementvirtual
hardwareat anumberof levels,e.g.[2]. Our work focusesondynamicre-
configurationof algorithmsandarchitecturesto adaptat variousratesto
variationsin signalsandtheir associatedcomputations.Signalprocessing
hasa rich traditionof adaptive algorithmswhich estimatestatisticsof sig-
nals,channelsandnoiseandthenmodify their computationaccordingly.
However thisusuallyresultsin modificationof coefficientsratherthansig-
nificantchangesin thecontrolflow of theprograms.Althoughtraditional
signalprocessingalgorithmsarecharacterizedby smallprogramsandlim-
ited controlflow changes,recentDSPtrendshave led to muchmorecom-
plex and data-dependentcomputation(e.g. MPEG4, adaptive wireless).
This trendhasbeenaidedby thewidespreaduseof software-basedDSPs
andcompilersto implementcomplex heterogeneousapplications.Thispa-
per takes a first stepat control-flow adaptationandconfigurationby us-
ing signalstatisticsto dynamicallymodify parametersof domain-specific
modules.Weexplore5 modulesthatareimportantcomponentsin a larger
heterogenoussystemfor wirelessmultimedia.

2. CONFIGURABLE ARCHITECTURES

A variety of recentwork hasaddressedthe useof configurableandpro-
grammablearchitecturesfor video compression. This work avoids the
completelyreconfigurableapproachusingFPGAs. FPGAsdo allow par-
allelism, pipelining, local memoryandboth functionalanddataspecial-
ization. They alsoallow genericprototypingandare well supportedby
designtools andlibrariesof pre-designedcomponents.However FPGAs
suffer from severaldisadvantagesfor low-power DSP[1]. FPGAsarerela-
tively slow atsequentialcomputationswhencomparedto microprocessors
or DSPs. FPGAsarenot power efficient due to their high levels of pro-
grammabilityandlack of supportfor memory-intensive computation.FP-
GAs alsohave slow andinefficient reconfigurationmechanismssincethey
werenot designedto supporthigh-speeddynamicreconfiguration.

Recentlyit hasbeenwidely recognizedthat heterogeneousdomain-
specificreconfigurablearchitecturesmaybemoreappropriatefor DSPthan
FPGAs[1]. [4] demonstratedfunctioningsilicon for aheterogeneouscon-
figurablearchitecturefor low-power video processingincluding on-chip
low-power FPGA,ARM processoranddedicatedcircuitry for DCT. Nu-
merousrecentcommercialofferingsfrom FPGAvendorsprovide combi-
nationsof FPGA,DSP, microcontrollerandmemories.

In thiswork wetake a longertermapproachleveragingtrendsin VLSI
which will allow muchlarger systemsto be integratedon a chip [3]. We
targetour modulesto beintegratedinto a novel adaptive systemon a chip
(aSOC)architecturewhichallows diversecomputingmodulesto beimple-
mentedin a tiled structurewith a staticallyscheduledinterconnectfabric.
[5] (Figure1). Sometiles aregeneral-purposelike RISC,DSP, RAM and
FPGA, but this paperfocuseson moreapplication-specificblockswhich
areneededto achievehighperformancelevelsfor Motion Estimation,DCT
andViterbi decoding. Theseblockshave typically beenimplementedin
hardware in previous ASICs hencea large literatureof efficient architec-
turesandoptimizationsexists[11, 8]. However theseblocksweretypically
designedfor worst-caseperformanceandtradedoff flexibility for perfor-
manceandefficiency. Instead,we usedynamicreconfigurationfor both
general-purposeandspecial-purposetiles wherethespecificconfiguration
mechanismdependson thelocalarchitectureof thetile.
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Fig. 1. Tiled Architecturefor aSOC



3. CONTENT VARIATION

Videocontentandits associatedprocessingarehighly non-uniformin both
spaceandtime. Figure2 [6] shows thedistributionsof thehorizontalcom-
ponentof the motion vector over 100 framesof two different video se-
quences.It is clear that motion vectorsarehighly variablebut still cor-
relatedin both spaceand time. The ’table tennis’ sequenceshows how
themotionvectordistribution differs in shapedueto thechangingpicture
content(contentvariationin time). Similarly, Figure3 shows non-uniform
contentvariationin space.
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Fig. 2. Motion VectorDistribution over time in ’Miss America’ and’tabletennis’
videosequences.

Fig. 3. ContentVariationin Space.Left - Full search,Right - Logarithmicsearch

4. DYNAMICALL Y PARAMETERIZED ALGORITHMS AND
ARCHITECTURES

Parametersprovide a simpleandformal way to characterizeincremental
changesto a computationand its computingmechanism. Examplesof
functionalparametersincludefilter andtransformlengths,searchspaces,
wordlengths,iterationnumberandquantizationlevels. Architecturalpa-
rametersdo not modify the outputbits of the computingmechanismbut
allow tradeoffs in area,performance,powerandreliability. Functionaland
architecturalparameterscanbeboundat varyingstagesin thedesignof a
videocomputation(Figure4).

Thebasicideabehinddynamicparameteradjustmentis shown in Fig-
ure5. Functionalparametersandarchitecturalparametersaredynamically
adjustedto tunetheactualprocessingto thecontentvariationandchanging
user/systemrequirements.A controllertakesasinputs
1) systemrequirementsandconstraints(power, performance,etc.),
2) signalstatisticsfrom theinputsignals,and
3) algorithmstatisticsfrom postprocessingof the input signals(e.g. mo-
tion vectorsbeingfedback).
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Fig. 4. TheSpectrumof ParameterBinding Times.

Functionalparameteradjustmentchangesthequalityof thesystemout-
put. However processingcangracefullydegradein constrainedenviron-
mentsby exploiting systemandend-usertolerance.Figure6 [6] shows the
variationof compressionwith thesearchspacesizefor the’flowergarden’
sequence.A largersearchareaincreasestheprobabilityof gettinga good
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Fig. 5. DynamicParameterAdjustment

matchduringcomparison,thusimproving compression.Notethatthereis
a pointof diminishingreturn.

Figure3 shows an exampleof dynamicparameteradjustmentwhich
choosesbetweentwo differentalgorithms.The Full-searchalgorithmre-
sults in a compressionratio of 70:1. The Logarithmic searchalgorithm
compromisesthecompressionratioto 50:1but uses14timeslesscomputa-
tion. Thisreductioncanbetranslateddirectlyinto furtherpowersavingsby
allowing a reducedclock rateandpower supply. TheLogarithmicsearch
samplesthesearchareaandperformscomputationon fewer blocks.
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Fig. 6. Bits perpixel vs p (searchwindow size)in ’flower garden’videosequence.

5. DOMAIN-SPECIFIC MODULES

We arecurrently implementingfive modulesusingdynamicreconfigura-
tion for low-power. Standardlow-power optimizationsareperformedin
eachimplementation.Theimplementationsareall targetedto occupy one
of the tiles in theAdaptive Systemon a Chip (aSOC)(Section2). In this
paperwe focus on the characteristicsof eachcomputationwhich allow
power/qualitytradeoffs throughrapidreconfiguration.

5.1. Motion Estimation

Motion Estimationcompressesthe temporalredundanciesbetweencon-
secutive frames.Themostcommonalgorithmis theFull searchalgorithm
[8] which comparesa macroblock(16x16pixels) from the currentframe
to all the candidateblocksin a searchwindow in the previous frameand
the bestmatchis usedto estimatethe motion. Figure7 [6] shows Power
Consumedv/sSearchAreaSize.Thepowerdueto bothcomputationsand
I/O (memoryaccesses)is normalizedsince,dependingon thememoryar-
chitecture,thepower of memoryaccessescanvary over several ordersof
magnitude.



In Figure3 thebackgroundshowsnovariationoverconsecutive frames.
Theball, handandthepaddle(with somecamerazoom)arein motionand
would do well in anexhaustive search.But, it would bewastefulto make
a full searchfor the matchingcandidateblock in the background,since
it is likely that the first candidateblock comparedwill be closeenough.
In this casea Spiral searchgives very low latency valuesandconserves
power. The Spiral searchalgorithm[8] involves dynamicadjustmentof
the searchspacesize,with the searchmoving spirally aroundthe vector
predictorlocationuntil a thresholdis passed.Thevectorpredictorlocation
andthethresholdaresetby thepredictorin Figure5 (Section4).

Threedifferentalgorithms(chosenby a functionalparameter)areim-
plementedin ourmodulearchitecture:Full search,Spiralsearchandthe3-
Stepsearch[8]. Thepredictortakescompressionobjectives,signalstatis-
tics andmotionvectors(feedback)asinputsanddecideson thealgorithm
to beimplemented(Section4). Detailsof thepredictionalgorithmarebe-
yondthescopeof this paper.

Pelsubsampling[8] is anotherfunctionalparameterwhich is adjusted
to reducecomputationsduringablockcomparison.Pelswithin ablockare
correlatedwith eachotherandwe canusea sub-setof the total number
of pelsto provide a goodapproximationfor matching.This givesreduced
computationsandmemoryaccessesat thecostof asmallmatchingquality
degradation. The algorithmcan alsobe configuredto useHalf-Pel mo-
tion estimation,wherethe previous datablock arefiltered to half-pel [8]
resolutionby bilinear interpolation.Finally, thematchingcriteriacompu-
tation,Sumof AbsoluteDifferences,canalsobeconfiguredto useshorter
wordlengths.

0.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5

4.0

0 2 4 6 8 10 12 14 16
p

normalized power vs. search area(p)

"I.O"
"computation"

Fig. 7. PowervsSearchArea

SinceMotion Estimationis a highly parallel applicationit is imple-
mentedon a 16x16 pipelinedarray of processors.An array controller
reconfiguresthe arrayelementsto useeitherof the threealgorithms,Pel
Subsampling,Half-pelandmatchvaluewordlengths.This reconfiguration
canoccurat framerateto tracktemporalvariation,or evenfaster, to track
intra-framevariationsin motion.

A memoryadjacentto the PE array is partitionedinto blockswhich
eachstorecompletemacroblocksof currentandprevious framedata,All
otherblocksexcepttheonebeingaccessedareswitchedoff by having their
bitlinesandwordlinesdisabled.Thisresultsin asubstantialpower savings
of bothdynamicandstaticpower.

5.2. DiscreteCosineTransform

TheDiscreteCosineTransform,particularlythe2D DCT [9], is anintegral
partof many imageandvideocompressionsystemsandis typically imple-
mentedastwo 1D DCTs. Themostpower efficient DCT designwe know
of to dateis [10] which usesa variety of mechanismsto exploit content
variationto save power, however noneof theseinvolve dynamicreconfig-
uration.

Weaugmentthis architecturewith two dynamicallyreconfigurableca-
pabilities:1) dynamicthresholdand2) dynamicparallelism.Thethreshold
requirescarefultrackingof theDCT data,but is implementedquitesimply
asacomparatorvalue.In contrast,thedynamicparallelismis usedto trade-
off increasedareafor higherperformanceandinvolves large amountsof

reconfigurationdataat relatively slow rates.This canbeusefulto achieve
an increaseddatarate,or canbe coupledwith voltagescalingto achieve
low-power.

Several mechanismsare usedto save power basedon contentvaria-
tion. Most Significant Bit Rejection exploits the propertythat in spa-
tially correlatedimagesthepixel sumsarelikely to haveanumberof equal
most significantbits, thus avoiding redundantRead-accumulatecompu-
tations(RAC). Row-Column Classification seeksto reducethe overall
arithmeticactivity by imposinganupperboundonthenumberof clockcy-
clesrequiredfor thedistributedarithmeticoperation.Everyrow or column
input to the1D DCT is assignedto a classbasedon user-specifiedthresh-
olds. This categorizationleadsto differentupper-boundson the number
of clock cycles for which the RAC will be computedand henceincurs
an imprecisionbut resultsin reducedsignal activity. The user-specified
thresholdscanbesetdynamicallybasedon dynamicpower requirements
andpower/qualitytrade-offs. Replication of RAC Units allows theDCT
unit to exploit furtherparallelismby replicatingtheROM andaccumulator
units. Thedot productof 8-bit vectorsX andY takeseightcyclesto com-
putewith oneRAC unit. However, two RAC unitscanfinish thecomputa-
tion of thedotproductin only four clockcycles.Thisdynamicparallelism
could alsobe exploited by scalingthe supplyvoltageto achieve a fixed
performance,leadingto quadraticallyreducedpower consumption.The
techniquescanbecombinedto provideawiderangeof power/performance
tradeoffs, with varying levels of configurationoverhead.The
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is beingusedto synthesizealow-powergate-level
netlistfrom aparameterizedRTL descriptionof theDCT unit.

5.3. Lempel-Ziv Compression

Lempel-Ziv compressionis a losslesscompressiontechniqueusedin a
wide varietyof datacommunicationandstorageapplicationsandalsorep-
resentsa largeclassof computationswhich rely on variablelengthmatch-
ing sequences(e.g. Bio-sequencematching,Datamining). Averagefile
compressionis 2:1, but for highly redundantdatafiles, muchhigherlev-
elscanbeattained.However, thepower savingsdueto compressionmay
beoffsetby thepower consumedperformingthestringmatchingcompu-
tation. Thus, the parametersfor the LZ algorithmcanbe setdepending
on the statisticsof the dataaswell asthe tradeoffs betweencompression
ratio andpower/resourcesrequiredto performthe compression.In some
cases,LZ shouldbereplacedwith a completelydifferentalgorithmwhich
is bettersuitedto thestatisticsof thedata.

LZ compressionhasfine-grainparallelismwhichhasbeenexploitedin
a variety of recentsystolicarrayandCAM implementations[7]. The LZ
algorithmhasthreemainparametersthat canbedynamicallyconfigured:
1) the datatype, for exampleASCII characters,2) the longestmatching
length,and3) the lengthof thedictionaryor sliding window. Theconfig-
urationtaskis similar to that for motionestimationexceptthat thesearch
occursin only onedimensionandthat the searchcandidateis of variable
length. However the statisticsof the longestmatchinglengthcaneasily
betrackedandusedto modify theparameterin thecompressionhardware.
Thesizeof thedictionarycanalsobemodifieddynamicallyby trackingthe
LZ pointersto determinehow frequentlyremotesectionsof thedictionary
resultin matches.WearecurrentlydevelopingaconfigurableLZ prototype
for aradartelemetryapplicationusingtheAnnapolisWildfire development
system.

5.4. 3D Graphics Light Rendering

Real-time3D graphicswill bea majorpower consumerin futureportable
embeddedsystems.Fortunately, we canexploit contentvariationandhu-
man perceptionto significantly reducethe power consumptionof many
aspectsof 3D graphicsrendering.In [12] we studythe impacton power
consumptionof novel adaptive versionsof theGouraudandPhongshading
algorithmswhich considerboth the graphicscontent(e.g. motion, scene
change)and the perceptionof the user. Novel dynamicallyconfigurable
architecturesareproposedto efficiently implementtheadaptive algorithms
in power-awaresystemswith gracefullydegradablequality.



In [12] we introducean integratedalgorithm and hardware solution
basedon humanvisual perceptualcharacteristicsanddynamicallyrecon-
figurablehardware. Threeapproachesare explored which are basedon
humanvision andlooselyanalogousto videocodingtechniques.Thefirst
approachis calleddistributedcomputationover framesandexploits theaf-
ter imagephenomenonof thehumanvisualsystem.Thesecondapproach
exploits visualsensitivity to motion. Accordingto thespeedanddistance
from camerato object,eithertheGouraudor Phongshadingalgorithmis
selected.The third approachis an adaptive computationof the specular
term computationusedin Phong. Using the sameselectioncriteria asin
adaptive shading,a reducedcomputationalcostalgorithmis usedfor fast
moving objects.Resultsbasedon simulationindicatea power savingsof
up to #%$�& usingshortbut realisticrenderingsequences.

Figure8showshow thepowerconsumptionbetweenPhongandGouraud
shadingcanvaryby afactorof 20for largetriangles.If thegraphicssystem
canusethelower quality shadingalgorithm(Gouraud)in situationswhere
humanperceptionwill allow it, significantpower canbe saved. We are
currentlydevelopingdynamicallyconfigurableshadinghardwareto even-
tually beusedin acompletelow-power 3D graphicssystem.
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5.5. Adaptive Viterbi Decoding

Convolutional codeswhich allow for efficient soft-decisiondecodingare
widely employed in wirelesscommunicationsystems.As convolutional
codesbecomemore powerful, the complexity of the correspondingde-
codersgenerallyincreases.The Viterbi algorithm(VA) [13, 14], which
is the most extensively employed decodingalgorithm for convolutional
codes,workswell for codeswith shortconstraintlength ' . However, its
memoryrequirementandnumberof computationsposesanobstaclewhen
decodingmorepowerful codeswith large constraintlengths. In orderto
overcomethisproblem,theadaptive Viterbi algorithm(AVA), whereinthe
averagenumberof computationsper decodedinformationbit is reduced,
hasbeendeveloped [16, 15]. We look at AVA for reducingpower con-
sumption.

In theadaptive Viterbi algorithm(AVA), thenumberof survivor paths
retainedat every trellis stagevariesaccordingto the currentpath costs
themselves- a pathis kept if its currentcostis lessthan (�)+*-, , where
(�) is the currentcostof the bestpath, and , is a parameter [16, 15].
Thus,unlike the standardViterbi algorithm,which alwaysretains .�/1032
paths,thenumberof pathsvariesover time asshown in Figure9. Because
thevariability in thenumberof pathscanbesignificant,it is convenientto
alsoseta maximumnumberof surviving pathsto be 4 max. For a given
constraintlength,theaveragenumberof pathswith currentcostlessthan
( ) *5, is generallymuch lessthan . /1032 , implying asignificantcompu-
tationalsavingson average on a serialprocessorover thestandardViterbi
algorithm. However, ascanbe seenfrom Figure9, thereis a significant
variationin the instantaneousnumberof pathswhich cancomplicatepar-
allelizationto achieve real-timeperformance.
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Fig. 9. Numberof surviving pathsversusdecodedsymbolnumberfor the
adaptive Viterbi algorithmfor a '7698�: , � 6 2; convolutionalcodewith
4 max setto . /1032 (its maximum).

The thresholdcondition to determinewhethera path is retainedde-
pendsontheparameter, . If asmallvalueof , is selected,it will resultin
anincreasedbit errorrate(BER),but theaverage computationalcomplex-
ity will be reduced.On the otherhand,if a large valueof , is selected,
theaverage numberof survivor pathsincreasesandwill resultin asmaller
BER. Thus,theoptimumvalueof , hasto beselectedsothat theBER is
within allowablelimits while matchingthesizeandreconfigurationcapa-
bilities of thehardware. Perabove, 4 max denotesthemaximumnumber
of survivor pathstoberetainedatany trellis stage.Whereasthechoiceof ,
selectsanoperatingpointontheaverage computationalcomplexity versus
BER tradeoff curve, thechoiceof 4 max selectsa point on themaximum
computationalcomplexity versusBER tradeoff curve in asimilarmanner.

The variationin instantaneouscomputationsrequiredmakesthe AVA
well-suitedto exploit theparallelismanddynamicreconfigurabilityof FP-
GAs. SinceFPGAresourcescanbe allocatedto eithermemoryor logic,
configurationcontentsdependheavily onpresetvaluesof , and 4<)>=%? . If
additionalsurvivor pathsarerequired,theamountof pathstorageneeded
increasesreducingavailableareafor logic. As aresult,fewerparallellogic
functionscanbecreated,potentiallylimiting decoderperformance.In con-
trast,if toofew survivor pathsareretained,thequalityof thedecodedsignal
maybeadverselyaffected.Thevariationin instantaneouscomputationsre-
quiredmakestheAVA well-suitedto exploit thedynamicreconfigurability
of the FPGA. In particular, rapid dynamicreconfigurabilityshouldallow
us to realizethe promiseof the significantreductionin averagenumber
of computations(and thuspower) versusthe standardViterbi algorithm.
However, it is clear from Figure 9 that reconfigurationmust happenat
a rapid rate. Methodsof reconfigurationcurrently being consideredare
alteringthe amountof memoryversuscomputationunits andamortizing
complexity over time.

6. CONCLUSIONS

This paperhasdescribedpreliminaryalgorithmicandarchitecturalaspects
of a largerprojectin low-power multimedia. Themostsignificantcontri-
bution is probablytheoutlineof amethodologyfor designandexperimen-
tationin thegeneralareaof dynamicparameterizationasa mechanismfor
adaptingcomputingsystemsto varying computationalloads. Remaining
work to bedoneon this projectincludes:
1) Implementationat theC, HDL, netlistandphysicallevels,
2) Powerestimationof themodulesandtheoverall architecturesincluding
configurationmechanisms,
3) Techniquesfor statisticallytrackingcontentandchannelvariation,
4) Full prototypingbasedonactualworkloadsusinga logic emulatorfrom
IKOSsystems.
This work hasbeenpartially supportedby NSF9988238.Extendedpaper
canbefoundat www.ecs.umass.edu/ece/vspgroup/icassp01
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