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ABSTRACT

Signalprocessinglgorithmsandarchitecturescanusedynamicreconfig-
urationto exploit variationsin signalstatisticswith the objectives of im-
proved performanceandreducedpover consumption Parameterprovide
a simple and formal way to characterizencrementalchangego a com-
putationandits computingmechanism.This paperexaminesfive param-
eterizedcomputationswhich are typically implementedin hardware for
a wirelessmultimediaterminal: 1) motion estimation,2) discretecosine
transform,3) Lempel-Zv losslesscompression4) 3D graphicslight ren-
deringand5) Viterbi decoding.Eachcomputatioris examinedfor the ca-
pability of dynamicallyadaptinghealgorithmandarchitecturgparameters
to variationsin their respectie input signals.Dynamicallyreconfigurable
low-power implementation®f eachcomputatiorarecurrentlyundervay.

1. INTRODUCTION

Reconfigurableomputinghasbeenproposedor signal processingwvith
variousobjectves, including high-performanceflexibility, specialization
andmostrecentlyadaptability The actualreconfiguratiorcantake mary
formsandis typically characterizedby: 1) how fastthereconfiguratiorcan
occur and2) how muchis actuallyreconfiguredandfinally, 3) how mary
possibleconfigurationsareused.

In this work we proposethat reconfiguratiorof algorithmsandarchi-
tecturescanbe usedto improve performanceandreducepower consump-
tion. Thisobjective canbeachieedin atleasttwo ways: 1) compromising
the resulting quality of the algorithm, or 2) exploiting variationsin the
signalsand necessaryomputationgequiredto achiere a given level of
quality Rabag [1] proposeda similar objective andhasdemonstrated
in a heterogeneousonfigurablebasebangrocessof4]. However, they
have focusedon reconfiguratiorfor taskspecializatiorandstandardspe-
cialization utilizing domain-specifigorocessorswith varying degreesof
configurationgranularityinterconnectedvith hierarchicameshesOthers
have shavn theability to usedynamicreconfiguratiorio implementvirtual
hardwareatanumberof levels, e.g.[2]. Ourwork focuseson dynamicre-
configurationof algorithmsand architecturedo adaptat variousratesto
variationsin signalsandtheir associatedomputations Signalprocessing
hasarich tradition of adaptve algorithmswhich estimatestatisticsof sig-
nals, channelsand noiseand then modify their computationaccordingly
However this usuallyresultsin modificationof coeficientsratherthansig-
nificantchangesn the controlflow of the programs.Althoughtraditional
signalprocessinglgorithmsarecharacterizetbhy smallprogramsandlim-
ited controlflow changesrecentDSPtrendshave led to muchmorecom-
plex and data-dependerdgomputation(e.g. MPEG4, adaptve wireless).
This trendhasbeenaidedby the widespreadiseof software-based®SPs
andcompilersto implementcomplex heterogeneouspplications This pa-
per takes a first stepat control-flov adaptationand configurationby us-
ing signalstatisticsto dynamicallymodify parameter®f domain-specific
modules.We explore 5 modulesthatareimportantcomponentén alarger
heterogenousystentor wirelessmultimedia.

2. CONFIGURABLE ARCHITECTURES

A variety of recentwork hasaddressedhe useof configurableand pro-
grammablearchitecturesfor video compression. This work avoids the
completelyreconfigurableapproachusingFPGAs. FPGAsdo allow par
allelism, pipelining, local memoryand both functional and dataspecial-
ization. They alsoallow genericprototypingand are well supportedby
designtools andlibraries of pre-designedomponents.However FPGAs
suffer from severaldisadwantagedor low-powver DSP[1]. FPGAsarerela-
tively slow atsequentiatomputationsvhencomparedo microprocessors
or DSPs. FPGAsare not power efficient dueto their high levels of pro-
grammabilityandlack of supportfor memory-intensie computation.FP-
GAs alsohave slow andinefficient reconfiguratiormechanismsincethey
werenot designedo supporthigh-speediynamicreconfiguration.

Recentlyit hasbeenwidely recognizedthat heterogeneoudomain-
specificreconfigurablarchitecturesnaybemoreappropriatéor DSPthan
FPGAS[1]. [4] demonstrateflinctioningsilicon for aheterogeneouson-
figurable architecturefor low-power video processingncluding on-chip
low-powver FPGA, ARM processoilanddedicateccircuitry for DCT. Nu-
merousrecentcommercialofferingsfrom FPGA vendorsprovide combi-
nationsof FPGA, DSR, microcontrollerandmemories.

In thiswork we take alongertermapproacHeveragingtrendsin VLSI
which will allow muchlarger systemso be integratedon a chip [3]. We
tamgetour modulesto beintegratedinto a novel adaptve systemon a chip
(aSOC)architecturevhich allows diversecomputingmodulesto beimple-
mentedin atiled structurewith a statically schedulednterconnecfabric.
[5] (Figurel). Sometiles aregeneral-purposkke RISC,DSP RAM and
FPGA, but this paperfocuseson more application-specifiblocks which
areneededo achieve high performancéevelsfor Motion EstimationDCT
and Viterbi decoding. Theseblocks have typically beenimplementedn
hardvarein previous ASICs hencea large literatureof efficient architec-
turesandoptimizationsexists[11, 8]. However theseblocksweretypically
designedor worst-caseperformanceandtradedoff flexibility for perfor
manceand efficiengy. Instead,we usedynamicreconfiguratiorfor both
general-purposandspecial-purposéles wherethe specificconfiguration
mechanisnmdepend®n thelocal architectureof thetile.
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3. CONTENT VARIATION

Videocontentandits associategrocessingirehighly non-uniformin both
spaceandtime. Figure2 [6] shavs thedistributionsof the horizontalcom-
ponentof the motion vector over 100 framesof two differentvideo se-
guences.lt is clearthat motion vectorsare highly variablebut still cor
relatedin both spaceandtime. The 'table tennis’ sequenceshavs how
the motionvectordistribution differsin shapedueto the changingpicture
content(contentvariationin time). Similarly, Figure3 shavs non-uniform
contentvariationin space.
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Fig. 2. Motion Vector Distribution over time in 'Miss America’ and’tabletennis’
videosequences.
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4. DYNAMICALL Y PARAMETERIZED ALGORITHMS AND
ARCHITECTURES

Parametergprovide a simple andformal way to characterizéncremental
changesto a computationand its computingmechanism. Examplesof
functional parametersncludefilter andtransformlengths,searchspaces,
wordlengths iteration numberand quantizationlevels. Architecturalpa-
rametersdo not madify the outputbits of the computingmechanismbut
allow tradeofs in areaperformancepower andreliability. Functionaland
architecturaparameterganbe boundat varying stagesn the designof a
videocomputation(Figure4).
Thebasicideabehinddynamicparameteadjustments shavn in Fig-
ure5. Functionalparameterandarchitecturaparameteraredynamically
adjustedo tunetheactualprocessingo thecontentvariationandchanging
user/systemequirementsA controllertakesasinputs
1) systenrequirementandconstraint{power, performanceetc.),
2) signalstatisticsfrom theinput signals,and
3) algorithmstatisticsfrom postprocessingf the input signals(e.g. mo-
tion vectorsbeingfed back).
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Fig. 4. The Spectrunof ParameteBinding Times.

Functionalparameteadjustmenthangeshequality of thesystenmout-
put. However processingcangracefullydegradein constrainecerviron-
mentsby exploiting systemandend-usetolerance Figure6 [6] shavsthe
variationof compressionvith the searchspacesizefor the'flower garden’
sequenceA larger searchareaincreaseshe probability of gettinga good
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Fig. 5. DynamicParameteAdjustment

matchduring comparisonthusimproving compressionNote thatthereis
a pointof diminishingreturn.

Figure 3 shavs an exampleof dynamicparameteradjustmentwhich
choosedetweentwo differentalgorithms. The Full-searchalgorithmre-
sultsin a compressiorratio of 70:1. The Logarithmic searchalgorithm
compromiseshecompressiomatioto 50:1but usesl4timeslesscomputa-
tion. Thisreductioncanbetranslatedlirectlyinto furtherpower savingsby
allowing areducedclock rateand power supply The Logarithmicsearch
sampleghe searchareaandperformscomputatioron fewer blocks.
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Fig. 6. Bits perpixel vs p (searctwindow size)in *flower garden'videosequence.

5. DOMAIN-SPECIFIC MODULES

We are currentlyimplementingfive modulesusingdynamicreconfigura-
tion for low-power. Standardow-power optimizationsare performedin

eachimplementation.Theimplementationsreall targetedto occupy one
of thetiles in the Adaptive Systemon a Chip (aSOC)(Section2). In this

paperwe focus on the characteristicof eachcomputationwhich allow

power/qualitytradeofs throughrapidreconfiguration.

5.1. Motion Estimation

Motion Estimationcompresseshe temporalredundancie®etweencon-
secutve frames.The mostcommonalgorithmis the Full searchalgorithm
[8] which comparesa macroblock(16x16 pixels) from the currentframe
to all the candidateblocksin a searchwindow in the previous frameand
the bestmatchis usedto estimatethe motion. Figure7 [6] shavs Powver
Consumed/s SearchAreaSize.The power dueto bothcomputationsand
1/0 (memoryaccesses} normalizedsince,dependingon the memoryar
chitecture the power of memoryaccessesanvary over several ordersof
magnitude.



In Figure3 thebackgroundshavs novariationover consecutie frames.
Theball, handandthe paddle(with somecamerazoom)arein motionand
would do well in anexhaustve search.But, it would be wastefulto male
a full searchfor the matchingcandidateblock in the backgroundsince
it is likely that the first candidateblock comparedwill be closeenough.
In this casea Spiral searchgives very low lateny valuesand conseres
power. The Spiral searchalgorithm [8] involves dynamicadjustmenbf
the searchspacesize, with the searchmaving spirally aroundthe vector
predictorlocationuntil athresholds passedThevectorpredictorlocation
andthethresholdaresetby the predictorin Figure5 (Section4).

Threedifferentalgorithms(choserby a functionalparameterpreim-
plementedn our modulearchitecturefull searchSpiralsearchandthe 3-
Stepsearch8]. The predictortakescompressiombjectves, signalstatis-
tics andmotion vectors(feedbackgsinputsanddecideson the algorithm
to beimplementedSection4). Detailsof the predictionalgorithmarebe-
yondthe scopeof this paper

Pelsubsampling8] is anotherfunctionalparametewhich is adjusted
to reducecomputationsluringablock comparisonPelswithin ablockare
correlatedwith eachotherandwe canusea sub-setof the total number
of pelsto provide a goodapproximatiorfor matching.This givesreduced
computation@ndmemoryaccesseat the costof a smallmatchingquality
degradation. The algorithm can also be configuredto use Half-Pel mo-
tion estimation,wherethe previous datablock arefiltered to half-pel [8]
resolutionby bilinear interpolation.Finally, the matchingcriteriacompu-
tation, Sumof AbsoluteDifferencescanalsobe configuredto useshorter
wordlengths.
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Since Motion Estimationis a highly parallel applicationit is imple-
mentedon a 16x16 pipelined array of processors.An array controller
reconfigureghe array elementgo useeitherof the threealgorithms,Pel
SubsamplingHalf-pel andmatchvaluewordlengths This reconfiguration
canoccurat framerateto tracktemporalvariation,or evenfaster to track
intra-framevariationsin motion.

A memoryadjacentto the PE arrayis partitionedinto blocks which
eachstorecompletemacroblocksf currentandprevious framedata, All
otherblocksexcepttheonebeingaccessedreswitchedoff by having their
bitlinesandwordlinesdisabled.Thisresultsin a substantiapowver savings
of bothdynamicandstaticpower.

5.2. Discrete CosineTransform

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

We augmenthis architecturewith two dynamicallyreconfigurablea-
pabilities: 1) dynamicthresholdand2) dynamicparallelism.Thethreshold
requirescarefultrackingof the DCT data,but is implementedjuite simply
asacomparatoralue.In contrastthedynamicparallelismis usedto trade-
off increasedareafor higher performanceandinvolves large amountsof

reconfiguratiordataat relatively slow rates.This canbe usefulto achiere
anincreasedlatarate, or canbe coupledwith voltagescalingto achieve
low-power.

Several mechanismsre usedto save power basedon contentvaria-
tion. Most Significant Bit Rejection exploits the propertythat in spa-
tially correlatedmageshepixel sumsarelikely to have anumberof equal
most significantbits, thus avoiding redundantRead-accumulateompu-
tations (RAC). Row-Column Classification seeksto reducethe overall
arithmeticactvity by imposinganupperboundonthenumberof clock cy-
clesrequiredfor thedistributedarithmeticoperation.Every row or column
inputto the 1D DCT is assignedo a classbasedon userspecifiedthresh-
olds. This categorizationleadsto differentupperboundson the number
of clock cycles for which the RAC will be computedand henceincurs
an imprecisionbut resultsin reducedsignal actvity. The userspecified
thresholdscanbe setdynamicallybasedon dynamicpower requirements
andpower/qualitytrade-ofs. Replication of RAC Units allows the DCT
unit to exploit furtherparallelismby replicatingthe ROM andaccumulator
units. The dot productof 8-bit vectorsX andY takeseightcyclesto com-
putewith oneRAC unit. However, two RAC unitscanfinish the computa-
tion of thedot productin only four clock cycles. This dynamicparallelism
could also be exploited by scalingthe supply voltageto achieve a fixed
performancejeadingto quadraticallyreducedpower consumption. The
techniqueganbecombinedo provide awide rangeof power/performance
tradeofs, with varying levels of configurationoverhead.The Synopsys
Design CompilerT™ is beingusedo synthesizelow-power gate-leel
netlistfrom a parameterize®TL descriptionof the DCT unit.

5.3. Lempel-Ziv Compression

Lempel-Zv compressioris a losslesscompressiortechniqueusedin a
wide variety of datacommunicatiorandstorageapplicationsandalsorep-
resentsa large classof computationsvhichrely on variablelengthmatch-
ing sequencege.g. Bio-sequencematching,Datamining). Averagefile
compressions 2:1, but for highly redundandatafiles, muchhigherlev-
els canbe attained.However, the powver savings dueto compressiormay
be offset by the power consumedperformingthe string matchingcompu-
tation. Thus,the parametergor the LZ algorithm canbe setdepending
on the statisticsof the dataaswell asthe tradeofs betweencompression
ratio and power/resourcesequiredto performthe compression.In some
cases|.Z shouldbereplacedwith a completelydifferentalgorithmwhich
is bettersuitedto the statisticsof the data.

LZ compressiomasfine-grainparallelismwhich hasbeenexploitedin
a variety of recentsystolicarrayand CAM implementationg7]. ThelLZ
algorithmhasthreemain parametershat can be dynamicallyconfigured:
1) the datatype, for example ASCII characters?) the longestmatching
length,and3) thelengthof the dictionaryor sliding window. The config-
urationtaskis similar to thatfor motion estimationexceptthatthe search
occursin only onedimensionandthatthe searchcandidates of variable
length. However the statisticsof the longestmatchinglength can easily
betracked andusedto modify the parametem thecompressiorardware.
Thesizeof thedictionarycanalsobemodifieddynamicallyby trackingthe
LZ pointersto determinehow frequentlyremotesectionsof thedictionary
resultin matchesWe arecurrentlydevelopingaconfigurableLZ prototype
for aradartelemetryapplicationusingthe AnnapolisWildfire development
system.

5.4. 3D Graphics Light Rendering

Real-time3D graphicswill bea major powver consumeiin future portable
embeddedystems.Fortunately we canexploit contentvariationandhu-

man perceptionto significantly reducethe power consumptionof mary

aspectof 3D graphicsrendering. In [12] we studythe impacton power

consumptiorof novel adaptve versionsof the GouraudandPhongshading
algorithmswhich considerboth the graphicscontent(e.g. motion, scene
change)andthe perceptionof the user Novel dynamicallyconfigurable
architectureareproposedo efficiently implementheadaptve algorithms
in poverawaresystemswith gracefullydegradableguality.



In [12] we introducean integrated algorithm and hardware solution
basedon humanvisual perceptuatharacteristicend dynamicallyrecon-
figurablehardware. Threeapproachesire explored which are basedon
humanvision andlooselyanalogougo video codingtechniquesThefirst
approachs calleddistributedcomputatiorover framesandexploits theaf-
terimagephenomenomf the humanvisual system.The secondapproach
exploits visual sensitvity to motion. Accordingto the speedanddistance
from camerao object, eitherthe Gouraudor Phongshadingalgorithmis
selected. The third approachs an adaptve computationof the specular
term computationusedin Phong. Using the sameselectioncriteriaasin
adaptve shading,a reducedcomputationatostalgorithmis usedfor fast
moving objects. Resultshasedon simulationindicatea power sazings of
upto 85% usingshortbut realisticrenderingsequences.

Figure8 shavshow thepowerconsumptiobetweerPhongandGouraud
shadingcanvary by 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

Corvolutional codeswhich allow for efficient soft-decisiondecodingare
widely emplgyed in wirelesscommunicationsystems. As convolutional
codesbecomemore powerful, the compleity of the correspondingle-
codersgenerallyincreases.The Viterbi algorithm (VA) [13, 14], which
is the most extensvely emplg/ed decodingalgorithm for convolutional
codesworkswell for codeswith shortconstraintength K. However, its
memoryrequiremenandnumberof computationposesanobstaclevhen
decodingmore powerful codeswith large constraintlengths. In orderto
overcomethis problem,theadaptve Viterbi algorithm(AVA), whereinthe
averagenumberof computationger decodednformationbit is reduced,
hasbeendeveloped [16, 15]. We look at AVA for reducingpower con-
sumption.

In theadaptve Viterbi algorithm(AVA), the numberof survivor paths
retainedat every trellis stagevariesaccordingto the current path costs
themseles- a pathis keptif its currentcostis lessthand,, + T', where
dm, is the currentcostof the bestpath,and 7" is a parameter [16, 15].
Thus, unlike the standardViterbi algorithm, which always retains2X —1
paths thenumberof pathsvariesovertime asshavn in Figure9. Because
thevariability in the numberof pathscanbe significant,it is convenientto
alsoseta maximumnumberof surviving pathsto be Nmax. For agiven
constraintength, the averagenumberof pathswith currentcostlessthan
dm + T is generallymuch lessthan2X =1 implying a significantcompu-
tationalsavings on average on a serialprocessopver the standardViterbi
algorithm. However, ascanbe seenfrom Figure9, thereis a significant
variationin the instantaneousumberof pathswhich cancomplicatepar
allelizationto achieve real-timeperformance.
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Fig. 9. Numberof surviving pathsversusdecodedsymbolnumberfor the
adaptve Viterbi algorithmfor a K = 14,r = % convolutional codewith

Nmax setto 2K ~1 (its maximum).

The thresholdconditionto determinewhethera pathis retainedde-
pendsontheparametefl. If asmallvalueof T is selectedit will resultin
anincreasedit errorrate(BER), but the average computationatomple-
ity will be reduced.On the otherhand,if alarge valueof T' is selected,
the average numberof survivor pathsincreasesindwill resultin asmaller
BER. Thus,the optimumvalueof T" hasto be selectedsothatthe BER is
within allowablelimits while matchingthe sizeandreconfiguratiorcapa-
bilities of the hardware. Perabore, Nmax denoteghe maximumnumber
of survivor pathsto beretainedatary trellis stage Whereashechoiceof T’
selectsanoperatingpointonthe average computationatompleity versus
BER tradeof cune, the choiceof Nmax selectsa point on the maximum
computationatompleity versusBER tradeof curve in asimilar manner

The variationin instantaneousomputationgequiredmakesthe AVA
well-suitedto exploit the parallelismanddynamicreconfigurabilityof FP-
GAs. SinceFPGA resourcesanbe allocatedto eithermemoryor logic,
configurationcontentdepencheaily onpresetvaluesof T'and Ny, .z . If
additionalsurvivor pathsarerequired,the amountof pathstorageneeded
increaseseducingavailableareafor logic. As aresult,fewer parallellogic
functionscanbecreatedpotentiallylimiting decodeperformanceln con-
trast,if toofew survivor pathsareretainedthequality of thedecodedsignal
maybead\erselyaffected. Thevariationin instantaneousomputationse-
quiredmakesthe AVA well-suitedto exploit thedynamicreconfigurability
of the FPGA. In particulay rapid dynamicreconfigurabilityshouldallow
us to realizethe promiseof the significantreductionin averagenumber
of computationgand thus power) versusthe standardViterbi algorithm.
However, it is clear from Figure 9 that reconfigurationmust happenat
a rapid rate. Methodsof reconfigurationcurrently being consideredare
alteringthe amountof memoryversuscomputationunits and amortizing
compleity overtime.

6. CONCLUSIONS

This paperhasdescribedgreliminaryalgorithmicandarchitecturabspects
of alarger projectin low-power multimedia. The mostsignificantcontri-
butionis probablythe outline of a methodologyfor designandexperimen-
tationin the generalreaof dynamicparameterizatioasa mechanisnfor
adaptingcomputingsystemsto varying computationaloads. Remaining
work to bedoneon this projectincludes:

1) Implementatioratthe C, HDL, netlistandphysicallevels,

2) Power estimationof the modulesandthe overall architecturesncluding
configurationrmechanisms,

3) Techniquedor statisticallytrackingcontentandchannebariation,

4) Full prototypingbasedn actualworkloadsusinga logic emulatorfrom
IKOSsystems.

This work hasbeenpartially supportedoy NSF 9988238.Extendedpaper
canbefoundatwww.ecs.umass.edu/ece/vspgroup/icassp01
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